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^ Issues in Semantic Memor/i - ' > 

. • ■ ' \> . - ^ . .1' ^ ^ ' V- 

A Response to Glass and Holyoak \ 

In the^ paper on *'A1 ternat iv^e Concept ions of Semarrtic Memory,^' Glas$; 
:;and Holyoak (1975) raise a number of important Isiyes cohcerning the psycho- 
logical representation of meaning.^ Many of these i.ssues revolve around, a ' 
distinction B^ween set-theoretic and network model s. (Rips , Shdben 5 Smith,. 
1973), where the former cl&ss of models treats concepts as sets, of . semantic 
elements, while the latter class represents concepts , as nodes within a 
nebwork of labeled relations. With regard to this distinttion, the 'major. 

points of Glas,5 and Holygak seem to be-: (1) Network mode may be, superior 

■ ■. ' • ■ ^- 

to set-theoretic ones J as suggested by a comparison of a specific set- 
theoretic forrriulat^n/ namely the Feature Comparison model (Smithy Shoben &^ 
Rips* 197^) j with a specific network proposal, the Marker Sea rch^^model 
(Glass and Mol ydak) (2) This alleged superiority of network models has 

definite impl icatlons; for a number of Wei 1 -known issues in the study of^ 

. . ^ ' ' ■ ' ' .. % 

'fornia] semantics--such as whe'ther the distinction between analytic and ^ 

synthetic truths is v iabl e--because the set-theoretic vs. network dichotomy 

is intimateiy^ related to these distinctions. . ' ^ 

^ V/e wish to challenge both df these ^co^cl us lons^, ' In the next sectlon'of 

this paper, we will argue that the "set-net" d I st i net ion ' 1 s basically orthog- 

= 

orial. to issues In formal^ ^emanUcs :nke the d i s 1 1 net loni betv/een anal yt 1 c an3 
synthetic truth. We will then go on to propose a *d 1 f ferent sort of taxonomy 
of semantl.c memory mod'eis. In the third section, we wll|l e^^mine In detair 
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Glass and Hoi yoak's contention that the Marker Search model is superior to 
the^ Fea'tfejre Con^parlson .model . We will first offer some criticisms of the 
general c^racter istlcs of the Ma rk©r 'Search mode and Ihen address our- 
selves tQ/s\bme of thi critic fsms that Glass and Holyosk have made>of the 



Feature 



i^arJson model.' In the fourth sect 105;^ we wj 1 1 tonsider the 

experfments, of Hplyoa'k and Glass that, on the ;fa£e of ■ 1 1, provide ;er I ti cal 

d^sconfirmatlpbs of the Feature Compa r I son^ modeK- H^re wtf wil) present some 

new, experimental findings that ' ser lousl y qual Ify the Hplyoak and'Slass 

results and lessen sonie of the major empi rica I problerns of the nFeatyre 

Comparison model. A firtal section provides a summary and -dl scussio^n of 

future d i rec tio.r>s. . ■ ' . % ' 

■ . . - ^ - ' - 

The Set-Net Distinction Reconsidered - 

Wiat thp Plstinction 1s Not About ^ ^ 

. Represantat ional d i ^^ refices . In survey ing the seman tic memory H tera- 

ture i^. 1973MRips et aU), we found that a slrigle representat lonal distinc- 

tion saehi^d to capture many of the fundamental differences among contem- 

porary models.. Thus ^the model s proposed by Scha^ffer and V/allace (1970) . . 

and Meyer (197&) had a set-theoretic structure^ while the theories of Collins 

^ and Qu il I ian (1969) ^ and Rumelhart, Lindsay* and Norman (1972) uled a networii 

of labeled relations to represent meaning,' Updating this list, one would ^^^^ 

add the Feature Comparison mode^ias another eKample of a set^model, and HAM 

(Ariderson .& Bower, ^1973) and the^Marker Search model as new instances of 

network models. But while this dfStihc|Jon served^^n ^rganj sati onal purposQ 

.^it soOf< became, clear that the contrast between sets and nets might be a 

o ■ . . ■ -1 - " ^ ■ " 

ERIC . * . / 
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relatively superFicial indicator of Fnore fmportant underlying differences. 
This point was damohs trated by Hollan {I97S) w^ho simply ^oted that set mod'els 
can be recast as networks by connecting each fe lenient of the set to a common ' 

• ; ' ■ " . . t 

node standing for the set itself, , , ^ * 

What then can be said about our original partition of models? As 'we , 
have argued elsewhere (Rips, Smith & Shoben, 1.975'), we still believe this ' 
partition Js useful since the set.^net d'stinctiorl correlated with some 
mportant .substantive differences a^ong models. The task now becomes one 
*of specifying these differences^ G/lass and Holyoaks who accept our distinc^ 
tionj have proposed two pos s I Si ] i tf les * One Is that siet models have considered 
rather slfnple representations arid yiave not specified any relations among the 
meaning components^^ w I thi n a coficep^; In contrast ^ network theories are capable 
of positing representations that sti^bj^te entailment relations among a 
concept's cofTiponents . We, do- not wii-sh to deal at length with thi s proposa 1 j 
but two points meri t comment. Set mode] s not necessarMy have to assume 
, simple semantic rep resenta t Ions , and indeed we have introduced some additional 
structure fnto set" theoret Lc representations (Smithy Rips & Shobens 197^)* 
S imi lar^-l y 5 while network model! are capable of sti^pulatlng entailment rela-^ 

■ " ^ ^ ^ V - . 

tions among meaning cOf?iponents j not all network irooaels J nevi tably dp so, ai 
witnessed by aspects of Ander,5oh and Bowar^s HAM moH^. Thus we ^think this 
distinction is of Urnitecl value in capturing the substajntive differences 
between set arvd ryetwork theories, \ 

^Analyticity and^formal vg psychplog ical sgmant ics. \ Of greater cohcern 
to the prMant paper is the second distinction proposed- by Glass and Holyoak. 
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This IS their claim that. set models are consistent w?tH:\he view that cate- 
gory membership and sentence truth value are continuous or^graded, whil'e 
network models view category membership and truth as d IchotomoCis . "Given 
this assumption. Glass and Holyoak proceed to align set models with bo^th 
Lakoff*5 (1972) advocacy of fuzzy semantics aAd Quine'^s (1953) skepticism 

regarding the distinction 'between analytic and synthetic truth; net models, 

■ ' - >^ ■ ' ' 

in contrast, are seen as cons Istent wl th Katz *s .(1972) defense of arjalyt ici ty 

and of two-valded truth. We disagree. As we see it, theSe important dis- 
tinctions from formal] semantics--analytlc vs: synthetic truth and binary vs. 
graded truth-=^ay be orthogonal to those^ substantive psycholog I cal d i f- 
ferences that exist between the theories we have c lassl fled as set and net- 
vyork model s . . ; 

The distinction between analytic and synthetic statements comes from' 
philosophical semantics^- and it is bajsed on the rejatlons among meaning 
entities., A statement may be classified as analytic If the meaning asso- 
ciated with the predicate is contained In that of the sentence subject^ as 
in A bachelor is unm arried. Otherwise, the statement must be classified as 
.synthetic. The analytic/synthetic distinction, then, rests on the nature of 
meanings and the i r. I nterrela t ions , and , not' In any direct way on psychological 
representations. To make thi s po i n t c 1 ea re r , cons I der Frege 's (1892) dis-^ 
tinctrons among the sense, reference, and Idea of a word. While the sense of 
a word Is some abstract meaning entity. Its reference Is^ the set of real- 
world, entities denoted by the word, and its Idea is roughly the psychological 
capresentat ion of the word. Clearjy the referent and psychol qg lea 1 represent 



tation of a word are distinct, since psychorog seal representations are by 
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nature internal. Simi larly, psychglogici] represent^tloris cannDt be equated - 
with senses ti ther, at least on Frege* s account. To us^ Frege's own analogy, 
the sense of, say,, moon is Independent of anyone-^ representation of the rnqon 
in the^ same way that the optica] Imagfe of the moon' In a telescope i^s . indepen- 
dant Qf'obset-vers ' fetinal Images. By nature, then, thBorles of psychological 
semantics must deal primari 1y with indls/idual s ' representations of meanfngsj 
and not with the referents or senses themselves (Snifth, Rips & Shoben, 

This triptych of reference, sense, ^nd representation has implications 
for a number of the arguments made^by GJass and Holyoak. First, we can 
reject thei^r clatp that -our Feature Comparison tnodel, as presently stated, 
IS concerned with referential meaning. This point has no force at all sinde 
our model is clearly about representat Ions, no^ referents. (Indeed it Is 
^dffflcglt to imagine how any psychological model could be |ol ely concerned 
with reference.) Second, we can question thei n assertion that the Marker 
Search model, unlijfe the Feature Comparison model, '^..fs d'irectly cpncerned 
only wlth^sense relations" (p. 335). While psychologjsts may try to construct 
representations jhat capture dnly pense relatiphs^ current 'semantfc-memory 
mod^els, including the Marker Search Jnodel; have noti aone this. For ej<ample, 
Glass and Holyoak have used their model {o eKplatn the confirmation of sen- 
tences like Some women kre writers, and such sentences .clearly cannot be, 
verified by a cons i derat ion only of sense r^bations, on anyone^s account of 
sense. That iSi the truth of our sample sehtence Is surely an empirical 
matter, for there i s noth i ng^about the abstract -meanings of women and wrJ ters 
that 'prohibl ts the sentence from^ being falsei and It Is easy to, imag i ne a 
sef^of ci'rci^stances that would make thj s very sentence a false one- Third, 
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our distinction among reference, sense, and representation allows us to make 

i - r _ 

some general points about ahalyt Iclty and dIcHotomous truth in formal vs. : 
psychological semantics. For example, work i n forma K semant 1 cs Indicates 
that the truth, val ue of a sentence can be determi ned| by means of relations,^ 
between expressipns of a language and their referents without mention of ^ 
psychological representations (Tarskl , iggg) ; i t is therefore possible to 
adopt a binary truth-value system wi thout implying that the psychological 



representations of these truth-values are also necessari>V' binary. In prin- 
cfple, then, one ^n endorse binary truth values in formal semant 1 cs and 
continuous truth' in psychological semanti cs»_' In^ a similar way, since the 
'notion of analyticity can be defined In terms of the relations between the 
senses of eKpresslons in a sentencep without mention of psychol ogl cal factors, 
one can accept the ana 1 y 1 1 c/syn that i c d I s 1 1 net ion without implying that such 
a distinction need be psycho) og ical I y represented. In short, the questions 
of whether truth values are binary and whether the analytic/synthetic dis- 
tinction Is te'^^nable may be ontolo§ica1 questions, not psychological ones. 

A more psychological approacJi to ana lyticity. While the' tenabi 1 1 ty of 
the analyt ic/synthet r c distinction may not be a psychological question, there 
is at least one aspect of this d i st Inc 1 1 on tha t is psychological and of in- 
interest to semantic memory. Granting that formal semantics provides a basis 
for classifying sentences as analytic or synthetic, we may asl< whether there 
is a mental procedure that^rel iably picks out all those, sentences and only 
those^ 'sentences that have been classified as analytical ly^ true. This would 
constitute a psychological distinction between analytic and synthetic state- 
ments.'. But even given that such a procedure eKists, the^estion arises of 
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whether it Is a critical difference between set and network fTib<ae Is. %&t iSi 
bnly if all net irodel s ma! nta in a psychological dj stincV'oh between analytic 
and synthetic statements and all set models blur this di&tinctior) ^^^ul'^ ^hef% 
then be support for the Glass and Holyoak proposar that th^ sst^n&t distinc^ ^ 
tion is chiefly about a/)alytlci ty. However^ an eKamlhation of^ejcistent itiodeU 
Indicates that the set=net distinction Is not correlated with this ^ ^ 

psychologica'l-analytici ty isiue, - . 

* - ' ■ 

First, all semantic memory models, to our knowledge', have be^n ^ppltad ■ 
to both analytic and .synthet i c statements. As we have ^already rioted^ net ' 
models, like the Marker Search theory, are intended as ^^plan^tfons of the 
way we verify statements like Some wom en are wr i ters, whi ch are ^ur^ly %yn^ 
thetlc, as well as analytically true^ statements 1 i ke Sornfe bachelors ^re un- 
married J This Is al so true of the set theories proposed by May^r (l970T and 
Smith, Shoben, and Rips' (1974), This aspect of semantic-ftiarTiory itiPd^lsis g r^^ 
fleet ion. of the fact that the distinction between analytic and synthetic $t^t0^ 
ments is not equivalent to one^between propositions const ^red.p^rt of. lernentic 
rnerifory and three thought to be a part of episodic memory (Smith, h\p% & Shob^n/ 

Second, one may go. on to ask whether an anal ytfc/synthet i c ^d i 0ti net ion ;> 
can be formulated wi thin the framework of set or net models. This'tan ter^ . 
tafnly be done, and it seems to be no more difficult for one cIqss of models 
tH^n for the other. In the case^^f network 'moflels, anj lytic staternfencs might' 
' e r .^ov^rable by restricting, the relations in the network to those which ^r^\ 
true solely by- virtue of the meaning of the concepts they connect, Simnatrly, 
for set modals, analytic statements are' those that can be confirmed by meei^s, 
of the semantic elements of features that are dtflhrtional ly trije of the 
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^ assocfated tercns. Exactly the same arguments can be applied to the relation, 
betwesn binary truth values and the two c] assej of models we are considering. 

Hence, neither analyticrty nor binary truth can be used' to distinguish between 

■ _\ - ■ ^ • • ■ ■ . . -. ■ , 

set and network models, as Glass and Hblyoak have proposed. As a consequence, 

neither type of model can be construed as Byidence pro or con particular 
\ , - . ^ \ ^ ■ ■ ' - . " ■ ■ 

linguistjc theories of semantics (e.g,, Lakoff, 1972; Katz s Bever, .1975). that 

take sides on issges concerning truth-va'liie systenis* These 'issues in 

\phi losophy fnd 1 ingui st ics / whi la Impor'tflnt in their own. right, are not at 

this' time helpful in distinguishing anipng ri va r psychologl cal theories. 

- ■ '■ ■ ■ ' , ii 

WhatLJthe Sjet- Net Pi st i netion ' j s About 

Coinpatatlon vs. prg-storage i^odeU. Vvthat then are the critical dif- 

farences that divide set and nitwork models? To get a grip on tjiis problem, 

let us take a look at two simple semantJc memory models . Figure 1 presents\ 
■ 

the Attribute theory, a set model described by ^Meyer (1970), along vs/.|th 
CQllInsand Quillian's (T969) Hierarchical thedry, a typical network model , 
Both'^were intended to account for the data obtained in a verification taslt. 
In such a task, subjects must decide pn the truth or falsity of s imple, state- 
ments of the form Ap S jj a P (whare S designates a subject noun and P a 

prediCata noun), and the, data of interest are the reaction times and error 

^ ' ■ " ■ ■ - 
\" ' ■■ ' ■ ■ 

rates. The Attribute ^odel conf irms a statefnent 1 Ike A robin- is g bird by 

comparing me features of the predicate category to those of the subject cate- 
gory/ whi ik in the Hierarchical model one verifies this statement by finding 
an acceptable path that links subject and. predi cate categories. 
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Insert Figure 1 about here 



Note that \n addltidn to their obvious representat lonal differ^ncas, - 
the two models differ in a rather ^str 1 ki ng respect. In the network mode 1 
the proposition that a robin is a bird Is represented directly in memory ^ 
and conf i rma t i on of the sample statement involves finding the corresponding 
proposition in memory. That is, the subset relat I on between robin and b Ird 
is ndt represented directlys and consequently ft must be computed during the 

verification process/ Since the differences Just rioted appear - to hoi d for 

■ , f ■ - ' ' ■ ' ^ 

all set and network models, it seems that a cr 1 1 fca 1 d i fference between the 

■ . : . ' ^ " I ^ " " . . ~ • ■ ~ ~ 

two classes of theories Is this: Network models posit that verification of 
subset relat fans can oScur by searching for pre^sorted propositions, while 
_set models assume that verifjcation requires the computation of that relation. 



We ndw need to speckfy a couple of boundary cond i t ions on this Coinputa-^' 

- ' " • ■ ' ■ ^ - ■ ' ^ // ^ - ■ ' 

t ion/Pre^storagev d I Chotpmy t Firsts no current network ^ode] of semantic 

memory assumes that all verifiable statements are cQrffirmed by finding the 

. ■ ■- ■ ->^' . . ' -.. ■ 

correspond! ng proposition Stored In memory/ For such a position would imply 
that if someone cart verify that Julius Caesar was g 1 i vi ng, th I ng ^ he must 
have at some t ime stored tha t exact proposition in memory. To avoid this 
claim, network modelers allow some room for computations. They posft i nf er= 
nr^r- routines that, when given stored propositions like Julius Caesar ^ra^ a 
person and A persorf is a1 lye ^ use the transl ti vi ty of subset relations to 
Infer that Ju IF us jaesa r waj a 1 i vi ng th I ng . Thus In the network mDdel in 
Figure 1, while the statements A'robin is a bird 'or ^ bi rd Is an agimal wQu]d 
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- . ' ■ 11,. ..• 

be confirmed- by searching for th| pre-stored propos i t Ions ^ conf i rmatlon of 
A robin is a n :'a n 1 ma 1 would involve aji addUional inference. Hence, all 
semantic memory models involve some computat i ons . But we yv/Il I continue to 
hold to our Computat lon/^Pre-storage distinction since alT network models 
assume^ that at jeast ^ome subset statement^ are stored as single units in 
memory. . \ : ' . . , 

A second boundary condition concerns Computation rnodel s, ln*such models, 
not all relations are computable^ for some meaning components must be pre- 
stored if the model is to compute anything. As an example, in^the Attribute 
jnodei; the ^e^atures j^re pre-stored with, thei^ respecti ve categor les; these 
fia|ures can thence used to Compute other relations^ l!l<e the subset one/ / 
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^ K^lated di stj! net Ions . There are other d Is ti net lons' that are correlated 
with our'^CoRiputatlon/Pre'-storage dichotomy. From our description of the^ models 
In Figure l^nt seems, that the notion of a computation procedure leads to two 
consequences. First, since one cannot operate on the terms robin and bird 
directly, one must i^Mtially expand these terms i nto coniponents that can^be 
operated on (Rips, Smith fi'Shoben, 1975). In the Attribute model, the terrns 
are expanded into sets of semantic features before any. subsequent processing is 
done£ The computation models of Schaeffer and Wallace (1970) and Smith, Shdben, 
arid Rips (1974) also assume an inltjaT expansion Into semantic features, while 
some of the Computation models considered by Meyer (1970) al^sume that sutject- 
and predicate terms^are first expanded Into a list of exemplars of these terms, 
or else into the names of^ otKer = i tems that share exemplars with the subject 
and priedicate terms. In any event, all Computation theories assume^some sort 
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of semantic expansion of the terms presented, and this is in contrast to most 
Pre- storage models. o . , ^ 

'The second consequence of positing a , Computation procedure js *that com- 
parfson processes are given a major roJeMn^ verification (RipSp Smith & Shoben, 
. 1975)- - IcT the Attribute model,, once the subject and predicate "terms have 
been eKpsnded into sets of semantic features , these two sets must be compared 
to confirm that a subset relation holds between the two concepts. The notion 
of comparison processes is central to all Cpmputat i on theori as , and most of 
them further assume that variations in comparison processes are responsible 
for many of the empirical effects obtained in experiments on verification. 
While Pre=storage models also requi re compar i son processes (so that the 
relations In the retrieved proposition can be checked against those in the 
test sentence), such processes play little role in the explanation of most 
emp i rNca 1 ^ f i nd i ngs . Ratherj variations in search processes are thought to, 
underlie most findings of Interest. 

A third. factor that correlates with the Computat ion/Pre^storage dichotomy 
has arisen as simple semant ic-^memory models ^ like those of Figure 1, have been 
revised to incorporate recent experimental results* For eKample, Rosch (1973) 
and Smithj Shoben^ and Rips (197^) have found that the speed" with which true 
sentences can be confirmed depends on how typical the subject category is 
of the predicate category. Thus, if appje Is Judged a more typical fruit . 
than strawberry ^ An apple is a fruit should take less time to verify than 
A strawberry Is a fruit . To cope with these results, network models have been 
broadened to allow pathways to be differentially accessible, where accessi* 
bil Ity IS determined by the co-occurrence frequency^ of the connected terms 

1 ^ 

ERLc \ : >v 
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(Collins & Loftus, 1975; Glass S Holyoak). Set models have also been revised 
by allowing the spmantf^^^features of a term to include those which charac- 
terize the concept as well as those that s tr I ctl y ^def i ne it (Smit|ij Shoben £ 
RipSt 1974). Typicality effects are then eKplalned on the basis of shared 
characteristic features between subject and predicate concepts. Thus, Ih 
explaining these typicality effects^ a ComputatlDn model emphasizes a struc^ 
tural aspect, featural s imi lar i ty , while a Pre=storage model stresses a func= 
tional aspect, co-occurrence frequency. Although it may be possible for Pre- 
storage models, to incorporate a more structural account (seej e.g.^ Norman £ 
Rumelhartj 1975)* most of^these models attribute, typical ity effects to ^o^ 
occurrence frequency (Anderson & Bower, 1973; and the Marker Search model 
of Glass and Holyoak). 

In summary, we have proposed four distinctions. For two of these--the 
Computat ion/Pre^s torage contrast and the distinction based on semantic expan'- 
sion^-we know' of little relevant data. As for the relative emphasls^on com^ 
parison vs. search processes^ this is a difficult issue to address directly^ 
but it is related to Glass and Holyoak's recent experiments on d isconf i rmi ng 
false statements. We will consider phe relevant data In the section entitled 
"Experimental Studies of D isconf I rmat ions* ' below. Lastly, we raised the Issue 
of featural similarity vs* co-occurrence frequency as a means of explaining 
typicality effects. Here there are clearly pertinent data, and they will be 
discussed in '-Cri ticisms of the Marker Search and Feature Comparison Models'- 
below. 
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Characterizations of the feature comparison and marker search models , , 
We now want to describe the Feature Comparison and Marker Search models in 
detail and show how they may be characterized by the above distinctions. Let 
us start with the Feature Comparison model* Its representational assumptions 
arek^^ite simple. Each lexical term carries with it a set of semantic 
features. These vafy continuously in the degree to which they ctDnfer category 
membership, with features at one extreme b0ing essential for defining the 
concept, and features at the other eKtreme ' be! ng only characteristic of the 
concept. Thus the term bird wQgial ncl ude as defining features the notions 
that it Is animate and feathered;^ and as characteristic features the notions 
that birds are of a' particular size and have certain predatory relations to 
Other animals (Rips et aK, 1973; Smith, Shoben S Rips, 197^)^ More relevant 
to our proposed distinctions are the processing assumptions of the model. It 
is assumed that performance in a verification ^ask is based upon a two-stage 
process. The first stage compares all of the features of the subject and 
predicate nouns in the test sentence, and assesses the degree of featural 
similarity between the two terms. In this stage, no consideration's given 
to whether the similar features are ^fefinlng or only characteristic. It is 
next assumed that if the featural similarity la either very high (as in rob? n 



and b i rd ) or very low (^s in penc i 1 and bi rd ) , Ihen one can decide immed-^ 
lately whether a subset relation exists between the^tvyo nouns. That is, 
subject-predicate noun pairs with sufficiently high or low degrees of featural 
similarity will be classified as true or false^ respectively^' without going 
on to a second stage of processing* However,, a second stag^'will be necysary 
for subject-predi cate pairs that have an Intermediate level of similarity 
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(as In penguin and b^I rd , or bat and b! rd ) . The second stage considers only 
the more defining features, and determines whether ^11 of the defining 
features of the predicate term match those of the sdhject term. This stage 
is thus Identical to the s imple Attribute model , 

< Clearly thl^model Is a Computat I ona I '^one. The model essent ia I ly 'pro- 
poses that people have two ways of comput i ng, subset relations, where these 
two ways correspond to the two stages. Decisions based on only the first - 
stage involve a heuristic computation, for such computations are rapid but ' 
may sometimes be In error (I.e., when many of the similar features are charac- 
teristic rather than defining). Decisions based on the second stage Involve^^. 
an atgor i thmic computat ion, for such computat Ions are slow but consider only 
logically sufficient conditions. Both types of computa t I on--heu r i s t 1 c and 

algorl thmlc--are allkes however, In that they requ i re expans ion of the lexical 

^ - - ' i 

terms Into underlying semantic features, and subsequent comparisons of these 

-. ' . \ ' 

feature sets. The two types of computation differ In that the heuristic 

computation deals with characteristic as well as defining features. And it 
is these characteristic features that allow the model to explain ^IcaMty 
effects. That Is, given th^t robin Is judged to be a typical bird and 
chi cken an atypical one, rob In will presumably share more of the character- 
istic "features of bird than will chicken . This will permit one to confirm 

A robi n is a bi rd by means of only the heuristic process whereas the confir- 

" " " " ^ •. ■ ^ ( 

mation of A €h Icken Is a bi rd wl 11 also require the time-consuming algorfthmic 

computation. In sum, with regard to our d 1st Inct fons, the Feature Comparison 

model has all ,the aspects of a Computation model, and these distinctions 

serve to elucidate certain of Its key aspects. * ' 
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^ As for the Marker Search model, its representational assumptj ons are 
more complex than any we have considered thus far*.. In" the present rrtpder, 
each lexical term Is represented by markers, a not i on^borrowed from ^atz's 
(1972) theory of semantics. While Glass and Holyoak suggest that martferf 
can be thought of as propert ies, in their own examples common words, are 
/Erectly associated with only a single marker. Thus the terms b ird ^ chl cken ^ ~ 
and rob i n , are represented by the defining markers '<avian>s <chlcken>, and 
<robin>i respeot i/ve ly , where, for example^ the marker <robin> would be \ 

character ized-^fs "possessing the essential properties o^ a robin-" A secoad 

\ ' . " ^ . ' 

representational ^assumption is that markers are Interrelated so that one 

"-^^ 

marker dominates or implies a set of other markers, ^"^^s an exafTiple, <robin> 
impl i^-"<avi an> which in turn implies <anfmate>5 where the latter is the 
marker for animal. This impl icational structurep which is intended to capture 
Katz's (1972) idea of redundancy rules, is ullustrated In Figure 2. There It 



Insert Figure 2 about here 

can be seen that the upshot of these assumptions Is a semantic network similar 
to that of the Hierarchical modeK However,, further afesumptlons serve to 
distinguish the present theory from the Hierarchical one. The third repre-- 
sentational assumption of the Marker Search model. I^s that the hierarchical 
connections may sometimes be shortcut by direct pathways between nonadjacent 
markers. This Is eKempl I f I ed in Figure 2 by the shortcut path b^ween ^ 

... / 

<chicken> and <animate>, The final representational assumption is that 
Information about contradictions is represented directly In the semantjc 
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network. Specifically, a coni rad ictiori arises whenever twoivp^hs with ' the 
same label meet at the same marker, e.g., fn Figure/2 <chfcken> and <robrn> 
contradict ^at <avlah>.^ ' ^^/^ , " * 

The processing assumpf i oos of the model are based on tfia notlori that 
performance in a verification task is determined by a search of the semantic 
network- . When a statement of the form An S is a. P is pre^inted, the subject 
accesses the defining markeps of the two nouns and^al) other^ fnarkef^,^ they 
Imply or are Implied by, In essence, th Is spec i f I es a target section of jhe 
semantic network/ This section is then searched, and the subject responds 
True as .soon as he. finds an acceptable path between the markers of the subj.fec 
and predicate terms. Hence the time needed to^ conf Irfli a trufe statement 
depends on the time it takes to find an acceptable path. This Is Just a| |t^ 
was In the Hierarchical model, However, unlike the Hierarchical model, If 
the shortcut path between <chlcken> and <animate> Is searched before the path( 
between <chicken> and ovian^^ the subject should be relatively quick In 
confirming A chicken is>^ animal, but relatively slo^ In confirming 
A- chicken Is a bl rd . Shortcut paths, the'ftlr^rovide a means of accounting for 
typical ity effects. In a similar fashion* the subject irs.esponcls Fal se' as soon 
as he finds a contradictory path between either (a) the defining markers of 
the subject and predicate terms (as in A_robin Is a chlcken^-see Figurf 2), 
or (b) the *def Inlng marker of the predicate and a marker which impl ies the 
defining marker of the subject (as In bird Is a robin, whe're <chickenT^ both 
implies <avlan> and contradicts <pbrn>--see Figure 2). \ 

The above model Is basicaJyT^of the Pre-storage variety, Is many 
propositions are represjented directly InXtKu network. Little e^ansion of 
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terms is needed for v%riffcarion» rather, verification is a matter of 
searching for direct or Indirect connections, or of searching for two connect 
tions that contradict one ifiother. In all of these cases the critical deter = 
mina.nts of verification times are the number of links in the pathways between 
markers and the order in which these' pathways are*s^rched. Thus, typicality 
and related effects can be eKplai ned in terms of thfe order in which certain 
shortcut pa ths are searched. That fs, the probability that a particular 
shortcut exists, as well as l.ts priority in the search order , increases with 
the cQ'-OGcur rence frequency of, the terms Involved. Hence this theory differs 
from, the Feature comparison rnodel with respect to al 1 of our iproposed distinc^ 
tions. The two mod-els, then, should lead to different empirical cpnseqUences , 
and the next two sections of this pa^er are largely concerned with a coni^ 
pari son of the models with respect to certain empirical findings. 

Criticism s of the Marker Search and Feature C^mpg ri son Models 
The Glasr^^d Holyoak paper contains (a) a.detailed critique of the 
Feature Comparison model j and (b) a presentation of their own Marker Search 
modeK ^ In this section^ we will first point o^ two potentially serious 
prQblems with the Marker Search model, and then attempt to rebut some of the 
criticisms of our own theory. 

A Criticism of the Marker Search Model * 

/ 

In essence, the Marker Search model accounts for the existant data on 
disconf i rmati ons by Its notion of a contradiction, and for the data on con- ^ 
flrmations by Its ideas about the role of co-occurrence frequency in 
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determFTiing short-cut paths and search orHer. We think both of th^e notior^s 
have their difficulties, as detailed below. 

Contradiction s: Th e encoding of negat i ve informa^ pn . The most Jmpor 



tant contr ibi3t ion of the Marker Search model (s the way It handles false 
santendes, traditionally a problem for Pre-storage theories (see^ e,g,s Collins 
£ Quill ian; ]972; Anderson & Bower, 1973, chap. 12), As wl have noted, the 
Marker S,earch model -d isconf I rms statements by searching for tags ^ pathways ^ 
that indicate two or more markers^are contradictory. Although Glass'^Ti'3^ 
Holyoak have been hesitant to say eKactly when tw markers are con trad ictory , 
the only reasonable assumption seems to be that contradictory tags indicate 
which subsets of a common superordi nate are d I'sjoi nt' (see Collins £ Loftus, 
1975). For example, the identically labeled paths from <chicken> and <robin> 
that intersect at <avian^ In Figure 2 indicate that chickens and robin6 are 
disjoint subsets of birds. To see how this contradiction mechanism works 
in detail, it is convenient first to translate the language of Glass; and 
Holyoak Into more standard terminology. Accordrngly, there are two ways of - 
di sconf I rmi ng statements in the model, one for sentences in which the subject 
and predicate categories ar^ disjoint (e.g.. All robins are chickens ), and 
another for senlences where either the subject category is a superior of the 

, s 

predicate (e.g., All birds are robins ) or the subject category partially - 
overlaps the predicate one (e.g., Al 1 bl rds are pets) . Disjoint statements 
are disconfirmed by searchi.ng for identically labeled links to a superord inatg 
shared by the subject ^d^ pred icate. For example, In d I sconf I rmi ng ^1 1 robins 
are chickens , the subject locates paths from a<robin> to <avian> and from 
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<chicke1^to <^v'ian> that have the same' tag (see Figure 2)\ In contrast, 
superset or overilap statements are dfsconf i rmed by searching for a subset 
category that is i tsel f * di sjoi nt with the predicate category. For example, 
.In di sconf i rml ng All birds are rob ins ^ a person must locate a subset of 
<bird> (e.g., ^<ch icken,>) ^" and then determine that this subset is disjo^lnt 
with <robin>s just as in the previous eKample. 

\ While jsuch a Pre-storaqe model for false sentences Is a clear advance on 
earlier proposal Sj It is still possvJble to ask whfether It is comple,te in the 
sense of b^lffg able to di sconf irm all those sentences that^^e know to be false 
on sema^ntic grourtds . A cons i derat ion ^f Sonne specific cases suggests it is 
not, and the s Ifnp lest such example is illust^rated Ir^ Figure ja. Here we hgve 
four .'subsets. (A^ C, and d) of a single superord inatei. ,5, such that A ind^B 
partially overlap, as do'C and D. We indicate these set_ relations in * - 

.■ ^ " "■•,\ 

Insert Figure 3 about hare ^ , ' - 

Figure 3a by a \/enn diagram superimposed on the network structure. Given 

' ■ f " ■ - 

such a struc-ture w@' can begin to label the paths, following the , procedure 
that mutually exclusive subordinates of the same superord I nate have the same 
labels. Since A ind B partially overlap, they must hgve differently label ed 
paths to,,their superord inates , for If the tags were identical we would have 
ev^j dence that A and B were disjoint. We Indicate the overlapping status of 
A and B by placing a on the A-S path and g on the B-S path. Now however, we 
must decide how to label C-S and b-S. Using. the rule that disjoint cate- 
gories are indicated by the same tag^ C^S must be labeled a since A and C 
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are disjoint by hypoth^s. But if so, C-S and tB-S wM 1 now have different 
* labels, which indicates that B and C are not d j sjo? nt, accordfng to our 

la&e] I ng ^procedure . This, however, contradl cts pur or i g ina 1 assumption about 
^he set relation between categories. 

Clearly something is wrong with the original Jabeling rule, and we 
must consider other alternatives. One way out for the Marker Search model Is 
to^define away such a situation. For example^ the model might posit that. 




for^ any overlapping categories (e.g., A an^B), a new supe rord I nate node, 
S'j Is formed together with the cornet ions A-S', B-S ' , and S'-S, and that 
connections between. A or B and S are disallowed. The reSLjlting structure is 
tllustratid In Figure 3bp labeled In a way consistent with our procedure. 
However, there are two major disadvantages to this modification. Firsts It 
posits memory nodes for no other reason than to ball out the model. We woi^ld 
need some evidence that such nodes actually represent concepts that play some 
.substantive role fn semantic memory, Second^ the proposed modification 
prohibits the use of shortcut pathways In such sitaations. But we have seen' 
that these shortouts are wJ^ranted on other grounds, and are in fact a major 
structural assumption of the model. 

However, there l| a second possi bl e way out of the present difficulties 
that we can explore. Suppose v/e allow multiple labels on a single path, so 
that C^S can be tagged by both a and 6. I f we assume that patfts sharing at ^ 
least one tag indicate disjoint "subsets , then the st ructure. F n Figure Be 
correctly reflects the relationships among A, B, and C. But we still have 
the C^S path to consider. If we label it with a or 6, m order to show that 
D IS disjoint with A or then D-S will also share labels with C-S. But 
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this meaps that.D and C are disjoint sets according to our rule, andl this 
contradicts the Qriginal hypothesis that C and D partially overlap* Our 
second way put has therefore led to only deeper d i f f i cu 1 1 las , and So we have 
come up with no way In which the Marker . Seai^h model can" provide an ^ priori 
basis for deciding when two paths have the same label. 

In the oourse of our preceding argumentSi ,we noted that the Marker 
Search model's provision for shortcut paths may, under certain assurtipt ions , 
dpnfllct with the method used to store negative information. A second way 
In which this conflict may arise Is depicted in Figure using ^n ^Kample 

Insert Figure k about^ here 



along the alines of Figure 2. In "this diagram we have fndlcated the shorteut 
pathways between, the nodes <canary^ and <animate> and between ^chlcken^ find 
canirtiate> by dotted Tines. V/hat i s^ crucial here Is the labeMng df tHe paths 
terminating at <animate>. To indicate that <chicken> and ^canary? denote "\ 
disjoint subsets of animals, we have given both shor^tcut paths the label a. 
It follows that the <a vran>-<an ii7iate> path must possess a different label 
(here, S) since nefther <avian> and <canary> nor <avlan^ and ^chlcka|i> are 
disjoint subsets. But, then,' what label should be use/ for the <manirnal ian^^ 
<an ima te>, pa th? The problem is similar to that raised with respect to 
riqure 3a, For if we use a in order to Indicate that <marnm^I ian^ is disjoint 
from <chlcken> and <canary>, we can no longer represent the fact that <avian> 
and <niamjiial ian> are disjoint. Similarly^ if we use 6, we lose the ability 
to indicate that <canary> and <mammallan> and <ch!cken> and ^marnma 1 iafi> al so 
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represent cUsjdlnt sets. Final ly ^ as we have seen in the prey i,ous paragraph, 
using both a and ^6 for the <marTiTial lan^^^anin]ate> path leads directly to 
further problems. It appears, therefore^ that we must either prohibit 
d isconf I rmat Ions on'' the basis of shortcut pathsj or restrict or elminate 
such paths entirely. Both posslbnities violate the structural assumptions 
of the Marker Search model. 

The problems associated with the structures in Figures 3 and 4 should 
not be taken to mean that it is Jnipossible to store information about which 
subsets 1 ntersect ^and which are dtsjaint^ Rather our demonstrations show 
only that the storage of negative information fnay not be as simple as markers 
on paths, as Glass and Holyoak's formal isms seeni to suggest. It remains to 
be seen'whether negative f nformat Ion can be i ncorporated i n to Pre^s torage 
models ima way that is both theoretically parsimonious and consistenjt with 
experimental evidence. We note^ by way of, contrast, that such prob(4ms are 
not encountered by Computation models^ since here the storage of negative 
1 nformat i on I s unnecessary^ Rather * negative decisions are made whenever 
defining features of predicate concepts nismatch those of subject concepts* 
as we' have seen in terms of the Attribute and Feature Comparison models.. We 
count thi s theoret i ca 1 parsimony as a virtue of Cbmputatldn models in general.^ 

The ro 1 e of c oj^occu ^e njge f re_qugricy . As \A/e h^ve noted j co^occurence fre- 
quency plays a central role In the Marker Search model , as in other Pre- 
storage theories of semantic memory. Co-occurrence frequency determines 
what shortcut paths are formed as well as the order in which paths are 
searchedj and these two factors, determine all of the empirical predictions 
from the mode K That is, given co-occurrence frequencies, one should be able 
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to deduce the ordinal relations arnong reaction times for the verification of 
any set of true or false (.sentences * However, no norms of co-^pccurrence 
frequency have yet been published, and for this reason predictions from the 
Marker Search model have been generated from other, more read? Ty 'avaMabl e 
data.^ ,In particular^ Glass and Holyoak rely on the frequency with which 
subjects produce a predicate noun when given a sentence frami containing the 
subject noun. For example, raters may be asked to complete the frame ^11 bl rds 
are ? with a noun that will make the sentence true; the frequency wi th which 
a group of raters produce a particular predicate noun (e,g., anlfnals ) Is then 
taken as an estimate of the co-occurrence frequency of the subject "pred icate 
pa I r (e.g . , of the bl rds-ani mals pal r) , ^ 

In an earlier paper (Smithy Rips £ Shoben, ig^^^^l^argued tliat co- 
occurrence frequency may not offer a satisfactory axpl ahat ion of semant Ic 
phenomena because co-occurrence i^ itself determined In part by semantic 
factors* Thus 5 the words which appear in the present sentence co^occur 
t?ecause of the meaning relations they bear to one another and not because of 
the frequency with which they have been groupedp Frequency therefore, fnay 
have the status of an epi phenomenon , 

This anti^frequency argument is strengthened by react Ion t ime effects 
v/ith unfamiliar stimuli where co-occurrence frequency cannot be a factor. 
These effects must be attributed to '^structural aspects of the st imul us doma in 
itself. Evidence on this score comes from a series of experiments by Rosch , 
Simpson,, and Miller (1976), who used sets of dot patterns, stick' figureSj and 
letter strings as stimuli. To jllustrate the critical frndings, consider the 
case where letter stri ng^"*"^^f^e employed. Subjects first learned to classify 
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12^ Indiyi^ual strFngs imqUwo disjomt categortes, and then were given a/J • 



reaction time task in which they pressed one. of two but tons' dependi ng on the 
category of a presented item. Finally,^ the subjects were asked either 
rate the typicality of each oft* the instances, or to produce as many items asi- 
posslble from each category. The str I ngs ^themse 1 ves haj been generated by/ 
varying th| number of letters that a given str ing shared with-other members 
of i ts^ category , and this variable (number of shared letters) determined all 
performance measures. Instances with more letters In common Were I earned In 
fewer trials, were classified faster, and had higher typicality ratings and . 



production frequency than their counterparts. Similar results were obtained 
even when the less typical Items were presented more frequently during initial 
learning. In this way, Rosch et a1. reproduced the usual typjcality effects 
varying orfly the interriar properties of the stii^ulus domainj and th|^s"^gges ts 
that co-occurrence frequency may not be a necessa^^ factor in determining 
typicality effects eve.n in semantic-memory studies. « 

Co-occurrence frequency may not be a suf fi cf ent cause of. typicality 
effects either, but to investigate this, we need a reliable i ndex of co- ' 
occurrence frequency. The problem with the usual ind i ces^-product ion f re- 
quencies, as in Glass and Holyoak, or rating^, of how often two terms seem to 
occur together, as in Anderson and Reder (l974)-^is that they may be deter^ 
mined by\semantlc factorSj as we noted earlier. There iSj however, one i nde^ 
available that has the potential for providing an objective measure of co- 
occurrence frequency, the Kucera and Francis (1967) cbrpus of written American 
English (not to be confused with their simple word frequency counts)^. From 
this corpus we can tabulate the number of times an Instance and its appropriate 
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category term appear togetherp which gives, us a relatively dj^redt measure of 
the kind of friequency we are Interested in. In what ,fo1 lows , we will refer 
to this measure as the KF count. 

The existence of the KF count allows us to assess certain claims about co 
occurrence frequency and typicality effects. Suppose that: (l) co-occurrence 
frequency is indeed a sufficient cause of typicality effects^ and (2) pro- 
duction frequencies and C070ccurrence ratings are good estimates of objective 
co-occurrence frequency. Then it follows that: (3) th# KF count should cor- 
relate with typicality effectSp and (k) the KF count should correlate wi th 
production frequencies and co-occurrence ratingsV Suppose instead that* 
(1') co-occurrence frequency is not a determinant of typicality effects^ and \ 
(2') production frequencies and co^^occurrence rajtings pr imari ly ref le^ 
semantic factors. Then it follows that: (3*) the KF count should not 
correlate wi th typicality effects, and (4*) the KF count should not correlate 
with either production frequencies or co-occurrence ratings, though the latter 
two indices should correlate with themselves as well as with typicality 
ra t i nqs . i 

To test these contrasting sets of predictions we used the data previously 
collected by Anderson and Reder (197^)* These investigators collected re- 
action times (RTs) in a task where subjects were presented word pairs (e*g., 
jurm p=yegetj_b[e ) p and had to decide whether the first item was a subset of 
t .erecond* In addition to the RT data, Anderson and Reder also collected co- 
occurnence ratings ("how frequently do these two terms co-occur together?") 
and typicality ratings ("how typical is the instance of the category?"). 
This list of factors gives us everything we need to test our contrasting 
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predictions, except for production frequencies and KF counts. To obtain 
.production frequencies, we used the norms collected by Battig^,^d^ Montague 
; (1969),' who had subjects produce as many instances of given rcate^ 
could In a 30 sec interval. Thirty-si^e of the ^0 category terms used by 
Artderson and Reder correspondclosel y to categories in the Battig and Montague 
normsj and we will confine our subsequent analysis to these common categories. 
Finally, we obtained our KF counts by. defining an instance-category eo- 
accurrence;as t^ appearance of both terms within two lines of coded text 
(70 cbaracters per llne)7 ^ 

To tmst the contrastlhg sets of predictions^ we simply carried out 
correlational analyses on the five factors mentioned: True RTs, typicality 
ratlngsj co-occurrence ratings, production frequencies, and KF counts. 
Consider our first set of predictions, where true co-occurrence (estimated by 
the KF count) supposedly de'termlnes feyplcality effects, as wel 1 as co- 
occurrence ratings and production frequencies* Contrary to predictions, the ' 
KF count did not correlate at all with True RTs, rv(70) = ,00, and correlated 
only margflnal ly with co-occurrence ratings, £(70) = .23, and production 
frequencies, r(70) * .22, ,05 < £< -10 in both cases. Thus the results offer 
little support for our first set of predictions, and are in far better agree- 
ment with our second set. Recall that In the latter, the KF count was not 
expected to correlate with RTs, co-dccurrence ratings, or production fre-- 
quencies, while all subject-generated measures were expected to be inter- 
correlated. In fact,»'all three subject-generated measures were substantially 
intercorre lasted. Co-occurrence ratings correlated highly with production 
frequencies^ £(70) « .66 £ ^ .01, and with typicality ratings, £(70) = .70, 
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£;r< ,01, while product Ion .frequencies and, typrcali ty >rat ings^were themsBlv0s 
I ntercorrelated^ £(70) ^ .63, £ < *01. ' 

The above findings, then, favor our second set of predictions and the 
hypothasei that generated themr true co-occurt'ence frequency does not deter- 
mirte typical ity, and subject-generated estimates of this factor reflect 
semantic factors* But there is reason to be cautious in drawing these con- 
clusions. For our KF counts may be limited by the relatively small number of 
times our i nstance-^category pWi rs actual ly appeared together i,n the Kucera 
and Francis corpus. However, there is an additional result in the literature 
suggesting that the KF count Is not positively correlated with True RTs. This 
is the finding of Rosch et aK (1976) that for a completely different set of 
Items, the KF count was negatively correlated wi th ratings of typicalltyr 
given this, and the fact that highly typfcaPitems are responded to quickly^ 
It seems: most unlikely that co-occurrence frequency Is .the 'iause of rapid 
responding to typical items. But still/ until more work is done with the KF 
count, we shall have to settle for a cautious conclusion There is no 
evidence that typicality effects are caused by co-occurrence frequency when 
this factor is measured by a relatively objective indeK, 

Even this weak conclusion leaves the Marker Search model (and all other 
Pre-storage models) without a theoretical eKplanation of the well -documented 
relations between RTs on the one hand, and typicality ratings and production 
frequencies on the other, 'This Is in contrast to the Feature Compa(lson mpdel, 
model, where featural similarity Is assumed to be responsible for the effects 
^ of typicality ratings and production frequencies on True RTs, On this view. 



all of the subject-generated measures we discussed above are based on featural 
similarity, and that is why they are all correlated with True RTs, as well as 

O ; On 
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wi th one another* ^ Furthermore, there are two pie<:e5 of evidence that ^ ' , 
directly link featural simrlari ty to typicality ratings,- Firsts Rips et a). . 
(1973) showed ^tihat the features derived/ from a mul tidimensional scaling of a 
set of animal terms can predict typicality effects in semantic memory tasks ' 
(see a 1 so Shoben ' s subsequent sea 1 i ng work, d i scussed 1 ri Smi th , Ri ps , and 
^ Shoben, 197^^) * Second , there is^the Rosch et al, (1976) study described 
earlier, where expl ici t vaniatlon 1 n featural similarity induced concomitant 
variations in typica 1 i ty rat i ngs , as well as in production frequencies and 
'RTs: ^ - ^ . , ^ : . \ 

Criticisms of the Feature Comparison Model ^ 

In their papers Glass and Holyoak refer to s%veral sources of difftculty 
with the Feature Comparison model, apart from those problems associated^ wFth 
the Holyoak and Glass data. Some of these criticisms are concerned mainly 
with the evidence in support of the model presented in Smith, Shoben, and Rips, 
(197^)- However, other remarks are addressed to the more general quiastion of 
whether the Feature Comparison model is, in principles able to account for 
verification of sentences other than subset statements* -Both problems are 
obviously important ones, if they can be substantiated, and we deal with them 
^in the following. 

Can the Feature Comparison mode r be eKtended? AccOTding to Glass and 
Holyoaks the Feature Comparison model is inherently unable to encode relational 
information such as the notion of possession eKpressed by have ' in El ephants 
have ears. If so, the model could not explain how such sta.tements are verified 
and in addition, would have difficulty in accounting for the meanings of words 
that have relatidnal components as part of their definition. But this supposed 
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1 1m.itation to non-relational components has n been part .pf the Feature ^ ' ^ 

= . ........ ' \ . " ^ ■ % 

Comparrson model Indeed, In an earlier paper (Smithy Rips S Shoben^ 197^), 

we discussed s6htences' 1 i ke the above example in some detail as wel 1 as other 

sentence types commonly used in semant rc ,meTOry (e*g. , An ostrich is large )* 

To rehearse our proposal concerning has , a predicate like has ears can be 

■ ^ * " ' . \ ■ ■ . '- ■ .... - ^ ' ' ' -/ 

re|?resented by an ordered pa i r, where the first member includes the semantic 

features of the verb (perhaps a single feature, has-as-a-part ) , and the second 

contains the feature 1 ist of the predidate noun* In verifying such a sentence, 

one would compare the features of the subject category to the representation of 

^ the predicate Just described; if the subject category's features- conta 1 n those 

of the compound predicate then the sentences wl 1 1 be true, and otherwise false, 

us, accord-ing to the model , sentences containing relational Information can be 

and, further , relational components can be part of the analysis of Indl- 

vidual terms* In fact, in a new series of experlm|nts, we have shown that the 

mechanics of the Feature Comparl.son model can be used to predict reaction times 

for the verification of sentences containing has (Rips, Shoben & Smith, 1975). 

This, however, does not absolve the Feature Comparison model oiF all 

theoretical difficulties, (it Is merely that the problems faced by the model 

are not different in kind from those surrounding^ theories like the Marker Search 

model. As Glass and Holyoak acknowledge, these difficulties concern the way 

such models can be constrained so as to provide a principled account of 

semantic phenomena. For Bre-storage models, this cpmes down to specifying 

boundary conditions on permissible nodes and relations, as well as limits on 

the types of search procedures that can be employed. For Computation models, 

sim! lar constraints must be estabjished on the semantic components and t 
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rrson prpcfsses. ^ Thus the problem is not one of the genera] ity of these 
modeis^ but rather one of accounting for experimental data In other than an 




^^ad^ hoc fashion. 

^ The empfrical status of the Feature Comparison model . After a review of 
^Che relevant evidence, Glass and Hplyoak conclude that there Is 1 I ttle e4perl- 
menftal evi*dence to jupport the process i ng assumptions of the Feature Comparison 
model* Their reasoning is as follows. ^ The Feature comparison model Identifies 
two factors that should, theoretically, influence RT; these include ratings of 
semantic relatedness , wh i ch should affect the fi rst stage^ and category sizej. 
which should affect the second stage. Neither factor ^ according to Glass and 
Holyoak, has been shown unambiguously to determine RTs, and therefore, no 
unambiguous evidence for the Feature Comparison model exists.^ ■ \ 

These variables are Important to the model , and a lack of ,evl dence for 
them would indeed undermine the theory. Let us first consider the evidence 
for the effects of relatedness on semantic decisions. -As Glass and Holyoak 
acknowledge^ a large number of stu4ies can be construed as showing effects pf 
relatedness (e,g,; Loftus, 1973; Meyer, 1970; Rips et a],, 1973; Rips, Shoben 
& Smith, 1975; Smith, Shoben & Rips, 1974; Wi Ikins, 1971h But Glass and 
Holyoak argue that: (a) Ratings of semantic relatedness are sometimes less 
accurate predictors of RT than are production frequences (Smith, Shoben & 
Rips, 197^) * suggesting that ^production frequency, not rated relatedness. Is 
the key factor; and (b) Certain findings are more plausibly exolained on the 
basis of Search orde'^ than shared features (Glass, Holyoak & O^Dell, 1974; 
LoftuSj 1973), again suggesting the importance of production frequencies 
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(supposedly measures of search/order) over that of relatedness (supposedly a 
measure of shared features)* ^^.^--^ . 

We have al ready cons I dered the issue of relatedness vs, production 
frequency when we reanalyzed the results of Anderson and Reder (197^) • There 
we found that the cor rel at ion . of RT wi th rel atedrtess (typical 1 t^L was actual ly 
slightly higher, though nonsignificantly so, than the correlation with pro- 
duction frequency (see Footnote 5). Previouslys however, we have found dne^ 
case where production frequency wis a better pred ictor RT than was semantic 
relatedness (Sm^h, Shoben & Rips, 197^, Experiment 1).^ So we have something 
of a discrepancy between these experiments with regard to whether a rating of 
relatedness or production frequency Is the better predictor of RTs. This 
discrepancy may be due to any of a number of differences between the two 
experiments* However, even If production frequency was consistently supertor 
to rated^relatedriess in predicting RTs, we believe that this would say little 
about the underlying mechanisms (search order vs. shared features) responsible 
for the RT effects. This !s because production frequency norms^^e generally 
collected with subjects under speed prefsure, Just as they are in standard RT 
tasks. Consequently, extrinsic factors ;that affect all speeded tasks (e.g., 
factors that influence stimulus encoding) will increase the correlation be-" 
tween production frequency and RT* By contra^^ subjects are usually not 
timed as they make relatedness Judgments and are therefore uninfluenced by 
such extrinsic variables.^ For this reason, we might expect lower correlations 

4' 

between RT and relatedness than between RT and production frequency even If 
both ratings and frequencies were principilly determined by shared semantic 
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features,' In view of such considerations, the relative size, of the torr^la-^ 
tions in quest Ion seems like an unimportant issue, - 

■ - ' ■ ■ ■ ■ • - • — ^ * ^ 

The= second question concerning the role of semahtic relatedness is 
whether this variable is sufficient to eKplain certain problematic fj^i^ngS, 
One set of findings (by Glass et ah, 197^; an^ Holyoak dnd Gl ass) eyh I b 1 1 
cases In which reaction time decreases .wi th relatedness for false sentences, i 
result that is contrary to the Feature Comparison model's ppfedjcrlon^^ We , 
will discuss this evidence in the next section. The second kind of experi- 
mental evidence that seems counter to the Feature. Comparison model is Loftus' 
(1973) demonstration of asymmetries between* veri fying that an iftstance is a 
category member and verifying that a category is the saperord i nate of an 
instance. For example, It is easipr to verify that 1 nsect is a superordlnate, 
of the previously presented instance butterfly than to decide that butterfly ^ 
is an instance of the previously presented superordi nate insects By contrasts 
it is easier to decide that shrimp is an instance of seafood ( sea food pre- ' 
sented first) than that seafood is the superord 1 nate of shrimp"^ ( shrimp pre- 
sertted first). . I f RT is determined by relatedness, ^and . Ijf relatedness Is 



Itself a matter of shared features, why should such asymmetries arise?' 

There a re^, however, a number of ways to explain Loftus' result that are 

fully in keeping with the Feature Comparison model. First, we note that 

■ 

according to the original formulation of the model, the relatedncGS value 

computed In the first stage is based notion the number of shared features 

^ ^ r . . ^ - ^ ' , '- 

between instance and category, but on t^e proportion of the category's 

features that are shared (see Smith, Shoben fi Rips, 197^)^ While this account 

was Intended to apply to situations in which the instance and category were ^ 
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presented simultaneously, it seems reaspnable to suppose that when the i 
'are presented In sequen'&e, as in the Loftus experiment, relatedness^hpuld be 
determined by the proportion of shared features of whichever term is presented 
first* The two proportions need not be equals .of qourses for they wfll depend, 

otal number of defining and character istic features in the term pre- 
sfen^ted f ir&t,^ . . ^ / ^ 




^ A second' explanation of Loftus' result Is to-assume that-when the super- 
ordinate (e*g>, insect ) Ms presented first, subjects attempt to generate 
"'possible 'instances in anticipation of the to-be=presented Instance/ Simjlarly, 
when an instance (e,g/, butterfly ) Is presented first, subjects generate 
possible superordinates. Whether subjects are successful in anticipating the 
correct Jtemf will depend on two factors: (a) the i nstance-sijperord Inate 
relatedness, and (b) the number of alternative litems with higher relatedness 
than the correct one. We can thus explain the asymmetry between butterfly- 
Insect arid insect-hutterf ly . by appealing to the (b) factor, that Is, vthere ; 
are more insect'^instances with higher relatedness val ues than butterfly , than 
there are butte.rf ly-superordlnates with higher relatedness than insect . For 
the seafood - shrimp example, this ordering with respect to the (b) factor 
reverses. Again, Instance-category asymmetries are not I neons i stent' wi th the 
Feature. Comparison model. v 

The second factor questioned by Glass and* Holyo^k fs category size. 
Category size predictions arise from the Feature Compir I son . model ' s second 
stage, where the defining featur^^ ^f the predicate are compared to those of 
the. subject noun. The^ total number of the predicate's defining features 
should therefore determine second stage duration according to most serial and 
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parallel mechanisms . 1 f we further assume, with Meyer ( 1970) and Clark ( 1970) 
that larger categories are likely to have fewer defining features ^han their . 
subordinates^ It follows that the duratibn of the second stage should decrease 
with inGreasjng predicate size. For examples the time to complete the second 
stagershduld be greater for A bee is an Insect than for A bee is an animal . 

It is d I fficcrH^ however, to test th i s pTredi ct I on d I rfect Ty for two reasons 
• F! rs t,; a s I mple change In the category size of the predicate is not sufficient^" 
since such:;a chahge is l ikely to alter the subject-predidate relatedness and 
hence the probabi 1 i ty that the second stage is even executed. Second^ the 
second^stage difference that we are interested in may not occur on every trial ; 
this is because some responses will always be made after only flrst^stage 
processing for there is 'as yet no /experimental technique that ensures second^ 
stage process ing on every trial, * 

' In view of these obstacles to a djrect test of our category's Ize pre^ 

di'ctfont we attempted to assess it indirectly. In one attempt (Smith, Shoben 

fi Rips, 197^* Exper im^ent 1 ) , We varied the size of the predicate categories 

In a standard verification task,. Here, we used an analysis of covariance to 

eliminate any effects that category size mlgh.t have had on relatedness. " 

Contrary to predictions^ we found no significant residual effect of category 

size when RTs were ^corrected in this way. In retrospect, this failure of the 

category size hypothesis seems surprising. The mathemat ica 1 model presupposed 

by the analysis of covariance Is not equivalent to that of the mathematlcar 

version of the Feature Comparison model itself, and so'there is no gi&hantee 

that estimates of the category's I ze effects from the two mathematical pro- 

8 

cedures will coincide* In order to derive estimates of category's i ie effects 
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from the mathematical version of the Heature Comparason mode] , we performed a 

second verification experiment and fit the model expl icitly to the results 

(Smith, Shoben & Rips, 1974, Experiment 2), In this case, the duration of the 

second stage for lange categories ( animal and plant) was calculated to be 161 

msec, vyhile the estimate for small categories ( bi rd , Insect , f rui t , and vege= 

■table ) was 280 msec. So, as predicted, larger predicate categories were 

processed faster In the second stage. It should be noted that the model - 

fitting procedure Itself did not constrain the former value to be smaller than 
« 

the latter, so that these results constitute a confirmation of the underlying 
theory. 

The parameter values just described were obtained by using error rates to 

'■ -'■ , ^ • - ■ ■ 

help predict reaction times, fol lowl ng the procedure out 1 i ned by. Atkinson and 
Joula (1974)^ This procedure has been criticized by Glass and Holyoak who 
claim that it trades on a general positive correlation between errors and RTs , 
However, severa] points can be made in response to this. First, recent evi^ 
dence suggests that high positive correlations between errors and RTs are far 
from universal (Pachella, 197^)* Second, even If this correlation were a 
truly general one, it is^ irrelevant in evaluating the crucfial parameters^ of 
tpi model* Clearly, high correlations between errors and RTs imply nothing 
about the parameter values for the second stage that M/ere discussed above. 
Finally, Smith, Shoben, and Rips also used a second procedure to predict the 
obtained data* In this procedure, error rates as wel 1 as RTs were, predicted 
only from relatedness ratings* Here, there 1 s TiO WaY we could have traded on' 
a general positive correlation between errors and RTs, yet we still fou^d that 
the estimated duration of the second stage was less for larger predicate 
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categories {245 msec) than for smaller ones (311 msec). Thus, there is in 
fact some W'dence that the size of the predicate category affects semantic 
decisionSp\ Such evidence fits nicely with the Computation models that assume 
semantic decisions are based on a comparison of features, vi^i th fewer features 
resulting in\shorter comparison, times. In contrast, it is not at all clear' 
how Pre-stora^e theories like the Marker Search mode f would account for these 
rasul ts. \ ' 

\Experimenta1 Studies of Pi sconf j rmat ions 
It remainsVfor us to account for the empi ricaT resul ts of Holyoak and 
Glass on vd I scon fi rmat ion times, which, taken at face value, violate a major 
prediction of the\ Feature Comparison model. The^e are actually two sets of 
findings of intereBtj one concern ing . the di sconf i rmat ion of disjoint' state= 
ments, the other concerning thje d i sconf i rmation of superset and overlap * 
statements* We deaU with each in turn. 

Disconf I rming Di5join\t Statements . 

The Holyoak and Qlass results . Using a standard verification paradigm, 
Holyoak and Glass presented subjects with 39 disjoint senLances of the form 
Al 1 S are P and 39 of tHe form Some S are P , in addition to other sentences 
that are irrelevant to tne present issue. The 78 false sentences were sub* 
divided by Holyoak and Gla^s into three types r high-product ion frequency, 
low-product ion frequency, imd anomalous statemertts* These distinctions were 
based on an earlier experiment in which subjects were asked to generate com- 
pletions for the sentence frames Al 1 S a re ? _ and Some S are 7 such that 
the resulting sentences were false. Holyoak and Glass then tabulated the 
production frequencies for these false completions. According to a 
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sti^afghtforward f nterpretat ion of the Marker Search theory, the frequency 
. with which a particular completion Is produced should reflect the amount of 
time necessary to disconfirm the corresponding sentence. For example, the 
production f requerrcy of men to the frames^ All women are ? should predict th 
time naeded to disconfirm Al 1_ women an^mjh t since completing frames involves 
finding, a.contradiction that is also used to disconfirm the statement In the 
verification task. Thus, high-frequency pompletlons (produced by a mean of 
351 of their 14 subjects) should be- disconfirmed faster than 1ow=frequency 
completions (produced by 51)', and these in turn should be falsified faster 
than anpmalous completions (4%). Note^ howevers that the difference in 
producti^On frequency between low and anomalous sentences is slight* 

Holyoak and Glass also obtained ratings of semantic relatedness for each 
of the disjoint subject^predlcate pairs, and this allows us to generate rival 
predlctiohs from the Feature Comparison model. These, ratings show that the 
high-frequency .sentences \\/ere sornewhat more closely related than' low-^ ^/ 
frequency sentences; and that low-frequency sentences were much more closely 
related than anomalous ones; the means were 4*88, 4.47, and 1*76, on a J'^polnt 
scale, for high^ low, and anomalous sentences, respectively. Since the Featur 
Comparison model predicts that d i sconf i rmat ion times should j ncrease wi th 
relatedness, the high-tf requency statements should take the longest to dis^ 
conffrm, the 1 ow^f requency next longest, and the anomalous statements should 
be the fastest. ThjSp of course, is the exact opposite of the ordering pre- 
dicted by the marker Search model , 

Thp results of this experiment disconfirmed major predictions of both 
models. First, contrary to the Feature Comparison model, low-frequency 
sentences took longer to disconfi rm than' the hi gh'^f requency ones * And second, 
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. contrary to both theories*, anomalous , sentences took about the same amount ' 

of time as high-frequency sentences. Before' comment ing on an Interpretation 
, of these resul ts , I t seems important to inqu! re. about tKei r robustness* 
Since these findings are surprising ones, we decided to repl i cate them... ^ 

Experiment U A part lal replication of HQlyoak^and Glass , We attempted ^ 
to repl icate Che part of Holyoak and ^Glass 's; experiment that dealt with dis- _ 
Joint statements quantified by Al I * making on minor changes In procedure ^ 
' and design. We used a total of 132 word-pairs. Two sets of 39 pairs were 
^ selected frfm Hplyoak and GJass. These sets compr ised'^the disjoint state- ' 
ments and their true counterparts, that were quantified by Al 1 i h Holybak' and 
Glass, Our rema^fhlng 5^ pairs were used as fillers to control for frequency ^ 
of nouns Ih true vs, fajse items, such that: (1) all subject nouns were 
presented equal ly of ten in true and false Items; and (2) approximately one-- 
^third of the predicate nouns appeared in a true Item only ,^ one-th iVd i n a 
false item only^sgnd the remaining thfrd once in both a true and false item* 
0^|y the 78 palr^ selected from Holyoak and Glass were analyzed, 

^ The two members of a pat,r were typed in uppercase Gothic In a single* 
^ line (and were separated by a hyphen) on a 6'' x 9^' white Index card! Subjects 
were instructed that aSpalr was to be considered true i.f the left-hand member 
was a subset of the right-hand one, and False otherwise. Twenty of the filler 
pairs were selected as pcFctice items while the remaining 1 12 pairs were ^ ; . 

randomly ordered. The same order ^as used for allizO subjects ^ i,who were / 
Stanford undergraduates. The pairs vyere pVe^nted In a Gerbrands two-field 
tachistoscope at a viewing distance of 59 cm and each pair was preceded by 

r . ; : / ■ / 

a 1,5 sec fixation point* Responses were made on two telegraph keys, which, 
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when depressed, terminated the display of the pair and a Standard Electric 
Timer. The assignment of keys to response types (True and False) was balanced 
over subjects. / ^ 

In analyzing the j-esults, RTs to the critical 78 pairs were analyzed 
across both items a^B^:subJects (Clark, 1973)* wh i ch separate analyses for True 
and False responses. The 39 true pairs were categorized as high-^, medium^, 
and low-^product ion frequency, fol lowing Holyoak and Glass's classification of 
these same items. This production frequency factor was a wl thi n=subjects i 
variable, with st imulus pa I rs nested within frequency levels. In a similar 
vein J false pairs were divided Into hLghj low, and anomalous i terns , again 
following Holyoak and Glass's classification. 

Table 1 presentes mean True and /False RTs from both the subjects and 
I terns ana 1 ys i s , The RTs differ slightly for our two analyses because we have 

Insert Table 1 about here 

used unweighted means analysis. For the False items, both sets of means show 
that RTs were fastest for anomalous pairs, next fastest for high-frequency 
pairs, and slowest for low-frequency Items, The overall difference among the 
False means was significant at the .001 level (min F' (2,59) - 8,09)^ and 
Ne^an^Keuls analyses showed all pairwise comparisons among these means to 
be significant In both the analysis by items and that by subjects. This 
finding contradicts that of Holyoak and Glass, who found no significant dif^ 
ferences between anomalous and high-frequency sentences,'^ Evidence for dlf^ 
ferences among the True means vyas more equivocal, as the min F ' statistic 
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showed no significant differences ( mifi F ' (2,59) «'1*86, £> ,10), However, 
the subjects analysis does irtdicate a difference among these means (see 
Table 1), and a Newman=Keul s analysis over^ subjects found high-frequency 
pairs to be faster than either medium^ or low-frequency i terns , Further, a 
test for the liriear trend among the True means showed a marginally significant 
effect ( mln F ' (1 ,56) ^ 3.71, ,05 <£< .10). The results for True RTs, then, 

i 

are in rough agreement with Holyoak and Glass, who found the same ordering of 
means as we did. 

The main discrepancy between Holyoak and Glass and our study concerns 
the relation' between anomalous and high-frequency statements. It is possible 
that, Holyoak and Glass failed to find a significant difference between these 

J * 

statement Cype^ because they repeated subject=predi cate pairs in an unbalanced 
fashion. That is, considering both statements quantified by Al 1 and by Some 
In Holyoak and Gla-ss, 9 (out of 1 7) h i gh-frequency Items, 6 (of 20) low- 
frequency items, and no anomalous items were repeated. If these repetitions 
decreased RT, high-frequency statements may have been art I factua 1 1 y fast 
relative to anomalous statements. In the present study, only statements 
quantified by Al 1 were used, and .for these statements, there were no 
repetitions of subject-predicate pairs In the critical false statements. 

Implicatrons of Eyperjment 1 . With respect to the two models of interest, 
our results can be summarized as follows. In congruence with the Feature 
Comaprison model, false, Items CQntaining very unrelated nouns (the anomalous 
pairs) were verified extremely rapidly. This finding Is contrary to the 
Marker Search model, which predicts relatively slow RTs to these pairs 
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because of their low. production frequencies. Howeverj our eKperlment dupll- 
^cates Holyoak and Glass's important finding that low-frequency pairs are dis- 
confirmed faster than high-frequency oneSj despite the fact that high-" 
frequency Items are also rated as more related iri Holyoak and Glass's norms* 
This finding is inconsistent with the Feature Comparison model, but in accord 
with the assumptions of the Marker Search model. Hence the results contra- 
dict some major predictions of both models. It seems that If we are to 
salvage the Marker Search model we must eKplaIn away the data from anomalous 
pap^s. Al ternat i vel y J if we want to rescue the Feature Comparison models we 
must explain the relation between high-^ and Jow^f requency pairs. 

Let us first consider some ways to salvage the Marker Search model* 
Holyoak and Glass were aware of the problem'that anomalous statements posed 

/ 

for their models since this problem manifesred itself In their own data 
(recall that they found anomalous statements were disconfirmed faster than 
low-frequency ones even though both statement types had comparable production 
frequencies). To reconcile these findings with their model, they proposed a 
new "admittedly ad hqc" device, to the theory, namely that certain abstract 
types of information which differentiate between almost all words (such as the 
distinction between Mivlng' and 'non-living') are uniformly accessed quickly" 
(p. 237)- Thus anomalous sentences should be disconfirmed quickly on the 
basis of this abstract information. But this leaves us with a serious 
question. If thls^ abstract information is accessed rapldlyj why do the 
production frequencies collected by Holyoaf and Glass show anomalous com- 
pletions to be rare? If prodCjction frequency Is truly an indicator of search 
order, then anomalous completions should be fairly common, which Is not the 
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case, HoJycDak and Glass's reply is that product ion fT^equency may not be 
^ a valid mea&ure of the association strength of such abstract properties" 
(p, 237)^ since these abstract concepts may not correspond to single lexical 
Items* in English and may be very rare in written or spoken languaqe. 

This explanation is not Just ad hoc ; it is almost surely incorrect. 
First J it is uncTear why the supppsed low frequency or lexical form of, 
abstract predicates should result In lowproduct I on frequencies^ since sub- 
Jects contributing to these norms are not called upon to encode or produce 
these abstract terms at all. In order to produce an anomalous completion^- 
chal rs to the stimulus f rame, Al 1 birds are ? - -the subject must determine 
that the superord i nate pathways from <avian> and <chair> intersect at the 
appropriate abstract concept, like <th!ng>, with identically labeled paths; 
this is the only role played by the abstract concept. How quickly this can 
be done should depend on the order in which the abstract concept Is searched, 
and this search order should not depend on factors like word frequency or 
number of words in the lexical ization of the concept* For if it did, the 
abstract concept involved should not be available quickly In verification 
tasks either, and this leaves Glass and Holyoak without any way of accounting 
for the falsification of anomalous statements. Second, abstract concepts need 
not be Infrequent In English. Take, Holyoak and Glass- example of an anomn 
alous statement, A^l 1 b 'Lrds are cha i rs . As we have Just no^ted , d i sconf 1 rml ng 
this sentence requires us to find a common superord 1 nate where the pathways 
from the subject and predicate meet. Such a superordinate might be thing or 
ob J ec t (not j I V L^g_ thj ng , as Holyoak and Glass assume since living thing Is 
the superordinate of the subject term only). Both thing and object have the 
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advantage of being single lexica^l Items and fairly common, at least in written 
English ( th in^ appears 333 times per million and object 65 time per mi) lion in 
the Kucera-Franci s, 1967, norms). Note, in addition, that the abstract term 
thing wi 1 1 serve to disconf i rm any anomalous sentence that is faTse by virtue 
of one concept being animate and the other Inainimite, as in the above example. 
Third, the purpose of using production frequency as a predictor of RT was, 
according to Glass and Holyoak, to provide empirical constraints on their 
model. The importance of doing so, as they noter^Is that the Marker Search 
model lacks any structural constraints on search order. But Holyoak and - 
Glass's abandonment of production frequency for abstract concepts seems to 
leave the model without empirical constraints of search order as well, 
allowing it to "predict" any RT results whatsoever. Thus the modification 
proposed by Glass and Holyoak to account for findings on anomalous statements 
is fraught with problems. 

Now let us see what we can do, to salvage the Feature Comparison modeK 
Recall that its problem Is that i t^ cannot account for why high-frequency 
statements are disconfirmed faster than low^f requency ones. To get some 
leverage on this problem, let us consider in det^ ^^ome of the Holyoak and 
Glass Items* Low-frequency items included the sentences Some (AH ) wgm_e n a re 
bab I es , Some (All) valleys are lakes . Some (All) flowers are foods . in 
'contrast to these difficult items, t4ie h i ghrf requency counterparts were 
Some (ah) women are men . Some (All) valkeys are mountains , and Some (All) 

flowerj are trees / The subject and predicate concepts in both the high- and 

"\ . .. 

low-frequency sentences share a fairly large number of semantic dimensions. 

Women , men ^ and babi es^ , for example^^^share those dimensions common to humans* 
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However, the subject-predicate pairs in high-frequency I terns (e.g., women- 

men) seem to possess directly opposing values on at least one shared dimension 

(sex, In our example). While it Is possible to find such opposing values for 

the subjects and predicates of low=f requency pairs, the relationship is not 

as clear'^cut. Thus, while women and babies may differ on the dimension of 

3ge , this, difference depends on interpreting women In its most specific sense 

( woman as adul t human female ) rather than Its more general one ( w^man as human 

fema le ) . This is the kind of intuition that led Glass and Holyoak to formulate 

the Marker Search model, and we concur that it is an important Insights The 

task for us is to determine some way of accormodat I ng this Intuition into the 

f 

Feature Comparison model. ^ 
There are at least two ways of making this accommodation. The first Is 
to change the model by adding some new content to the second stage. Specif- 
ically we may assume that this stage terminates 'as soon as any ml smatch i ng 
feature Is found, and that a mismatching feature will be found sooner with 
high- than low-frequency statements. To use our previous example, the mis- 
matching feature of sex may be found relatively quickly when comparing women 
and men , while the mismatching feature of age may be found relatively slowly 

when contrasting women and bab i es . Of course, added assumptions are of 

_ \ 

limited value unless they lead to new predictions, but the'present aWumption 
seems testable. It seems to predict faster confirmation times for the true 
statements Women ar.g_ff_^3j''S and Men are ma le ^ than for Women are adul ts and 
Dabies are nonadults . This seems like a reasonable prediction. But, alas, 
there are other problems with this approach. In addltton.to our assumptions 
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about se ] f-termi nation s we must further assume that the faster second-stage 
processing of high- than low-frequency statements more than compensates for 
the greater likelihood of having to executl the second for high-frequency 

y 

I terns (recall they have higher related values)* While the small difference 
in relatedness between the high- and I ow-^ frequency comp 1 et ions argues for 
the viability of this approachs it is not an altogether satisfactory one 
without an expl Ici t quant i tat ivs model . 

Al terhat ively, we can accommodate the findings on high- arrd low^f requency 
pairs by altering our conception of first^stage processings particularly of 
how one computes a relatedness value. We may assume that, in our Experiment 1$ 
for example, when a subject computed the relatedness value, he gave more weight 
to dimensions with widely discrepant values than to dimensions with' similar 
values. In this way^ pairs like women-^men would have been computed as lesi 
relied than women-^babies because of the extra weight given to the dimension 
of sex which differentiates the first pair. This method of computing related- 
ness may differ from that used by those subjects who contributed to the 
ratings, and were asked to rate "how closely you feel that two words are 
associated In meaning" (Holyoak and Glass's method^ and our own). For in the 
latter situation* subjects may be inclined to give equal weight to all shared 
dimensions. This same ambiguity wl th respect ^o relatedness judgments has 
been noted by Flllenbaum (1973) In connection with multidimensional scaling 
techniques. To borrow Flllenbaum's exarnplej the judged s i mi. 1 ar i ty of 
antonymous pairs like hot and cold will depend heavily on whether subjects 
attend more to the dimens ions having similar values or to those having 
different values. 
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, Again, we 'would ]!ke our proposed modification of the Feature Comparison 
mode] to lead to some new predict ion (s) ; One such prediction is the following 
If^new rating instructions can be devised that induce subjects to emphasize 
dimensions having widely discrepant values, then'thls set of ratings should 
accurately predict the ordering of False RTs in Experiment 1, We attempted 
to test this prediction in EKperfment 2. 

Experiment 2: An alternative procedure for measuriVig relatedness . We 
. a|ked 29 Stanford undergraduates to rate the relatedrfess of the subject- 
predicate pairs used in Holyoak and Glass's disjoint statements, by deter- 
mining "...how easy it would be for the subject term to become the predicate." 
Our presumption was that such Instructions would emphasize the Importance of 
shared dimensions with discrepant values. The 63 distinct subject-predicate 
pairs were presented to the raters In a randomized llst^ and the raters were 
asked to produce a rating on a lO'-point scale for each pair^with low values 
denoting more related items. 

The results of this experiment may be summarized easily. The low 
frequency pairs were now Judged to be the most related, the high-frequency 
items next most related, and the anomalous statements least related of all. 
These relatedn'ess ratings, then, display the same ordering as the RTs of 
Experiment 1, with relatedness being directly related to d i sconf I rmat ion times 
as predicted by the Feature Compar Ison VnodeK This was the case for both 
the set of items quantified by Some (used in the Holyoak and Glass study) 
and for the set quantified by Al 1 (used by Holyoak and Glass and by us in 
Experiment 1). For the former set, mean ratings were 4.20 for low-frequency 
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items, k.B^ for high frequency, and 7*71 for anomalous pa i rs (remember-^ 
low numbers mean high rel atedness ) . For the latter Set of items, means were 
3*03 for low frequencys A.43 for high frequency, and 7*11 for anomalous pairs. 
Differences between these means were significant I n^ both cases, with £'(2,53) , 
^ 30. OB, £< .01 for Some items, and £'(2,48) * 27.20, £< ,01 for A1 1 items, 
Newma'n- Keul s tests showed that each of the pairwise differences within the 
two sets were significant^ except for that between' the high^ and low^-f requency 
pairs for statements quantified by Some . 

So the Feature Comparison model is con? 'stent with the pattern of means ^ 
obtained in Experiment 1 as long as we assume that the relatedness value 
computed In thlg first stage mirrors the relatedness Judgments provided by our 
subjects in Experiment 2. The relatedness norms collected by'Holyoak and 
Glass fail to predict the results of Experiment 1 because their ratings 
reflected only the overall proportion of shared dimensions. Ratings of this 
kind have proved successful In earlier studies (e,g,|^Rips et al . , 1973; 

Smith, Shoben £ RJps , 197^), possi bly becagse the false i tems'used in the eiirl ler 

( 

studies did not discriminate between the two sorts of relatedness. These 
conclusions, however, need further scrutiny. Irktroducing yet another measure 
of the semantic rel^ation between subject and predicate nouns may raise as 
many problems as it solves. Many types of ratings have been found to 
correlate with RTs for semantic memory judgments (e.g., co-occurrence rat i^ngs , 
production frequencies, relatedness ratings), and all of these measures are 
J ntercorrelated , So additional experiments and analyses are needed 'to tease 
^apart the critical differences between these measures, and add i t i ona 1 thought 
must be given to the factors responsible for the differences. Perhaps such 

FRjC ' ' X 
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studies will show us that different measures all tap differentj but equally 
important, semantic aspects, for there is surely no reason to think that 
tWre is one best measure of semantic processing. 

Pi sconff rming Superset and Overlap Statements 

The Holyoak and Glass results . There is one last set of findings due 
to Holyoak and Glass that we must still deal with. These findings Involve 
RTs to false superset statements, e,g,, Al 1 women are mothers , and false 
overlap statements, e,g.. All women are wr iters, (what Holyoak* and Glass calll 
Counterexample statements)* As we noted earlier, the Marker Search model 
assumes that these types of sentences are disconf I rmed by a search for a 
subset of the subject category that Is disjoint with the predicate category, 
as Indicated by Identically labeled pathways. The Feature Comparison model 
would disconfirm these kinds of statements in the same way it falsifies dis- 
Joint statements, that is, by finding mismatching features. Again the two 
models differ In the predictions they make about the disconf Irmatlons of 
interest. But tb see this,_^we need to examine the Holyoak and Glass study 
I n deta i 1 , 

In their study of how superset and overlap statements were disconf irmed, 
Holyoak and Glass's experimental strategy again involved finding eases where 
producti.on frequency and' relatedness ratings make discrepant predictions for 
False RTs. But In tWs case, Holyoak anp Glass's frequency measure of 
interest Is obtained by somewhat Indirect means. Instead of using the fre-^. 
quency of completions that make a sentenc^f J^a^^s false (the procedure used for the 
disjoint statements previously discussed), Holyoak and Glass use the frequency 

..so 
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of completions that make the corresponding Some statement true. (Note that 
a superset or over Tap" statement is true when quantified by . Some | Tt Is only 
false when quantlf^d by %\ 1) , For example, to predict RTs for disconfir- 
matlons of sentences like All fruits are oranges , HolyoalAand Glass used 
completions of tMe frame Sqme_ fruits are ? that serve to make the sentence 

I . 

true. In theor^ the higher the frequency of the Some completion^ the faster 

1 

one can di sconf i r*|fn the corresponding false A,H statement.- If, for example, 

- . -i ' • - / : 

appl es Is a high 'frequency completion to Sjmj Jrults are ? , then app les is 
readily accessible from f ru I ts , and rejection of All fruits ^re oranges 
should be fast. This follows from the Marker Search model's hypothesis that 
such sentences are dlsconflrmed by a "back-^up-' search from the subject term 
( f rul ts) that finds a category ( apples) that Is disjoint with the predicate 
term ( oranges ) . 

The results showed significant effects on False RT of these true-^ 
completion frequencies. However, the False RTs showed no significant effects 
of production frequency of the false sentences themselves . For example, 
reaction time to disconfirm a sentence like All fruits are oranges was 
unaffected by the frequency with whl^^h subjects generate oranges to the 
frame. All fruits ^are ? when asked to\nake the sentence false. This contrasts 
with the finding obtained for d I sjol nt statements . Also, according to the 
norms collected by Holyoak and Glass, Ratings of semantic relatedness co^ 
Inclded with the frequency of false completions, so they likewise failed to 
predict the FaJse RTs. Holyoak and Glass note, however, that a significant 
residual effect of relatedness remains when the true=compl et Ion frequencies 
are control 1 ed / 
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Holyoak and Glass conclude that these findings support the Marker Search 
model, because the model correctly predicts that False ajs should decrease 
wl'th true-completion frequencies. They further conclude' t^^^^e results 
conf 1 ictgWi th the Feature Comparison model, because the latter cdnnot account 
for the effects of true-completion frequencies. , We, disagree, as we think the 
findings pose difficulties for both models. Consider first the Marker Search 
model. The problem here is how to explain the lack of effect of false- 
completion frequency. Surely, according to this models false completions to 
Al I f rui ts are 7 indicate the order In which pathways are searched from 
frui t , as this searph must locate not only a potential predicate, like orange, 
but also another subset of f rui t , like appl e, that Is disjoint with the 
potential predicate. For If this last step were omitted. It would be 
impossible to determine that the potential predicate actually made the 
sentence false. Thus the search needed to produce a false superset or over- 
lap completion mirrors the search necessary t^ disconfirm the completed 
sentence* By the usual Marker Search logic, this should mean that these' 
completion frequencies will predict RTs for the corresponding full sentences, 
and this is contrary t^\the obta i ned f i nd ings , Although Holyoak and Glass 
seem to dismiss this implication from their model, we think It provides an 
important d i sconf i rmat Ion of their theory. 

Now consider the Feature Comparison model. The problem here Is how to 
account for the effect of true'-compl et ton frequency on False RTs, since 
Holyoak and Glass were able to demonstrate that this effect was independent 
of rated' relatedness. We could proceed as we did before, and attempt to add 
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some^new assumptions to our theory so as to make it consistent with the 
problematic effect* In this case> however, we think this approach is 
unnecassrfry at this pomt In time* For we dispute the very claim that the 
effect of true*comp]et ion frequency has been adequately demonstrated, because 
there are two iTiethodolog i cal problems with this study that undermine its 
principal finding* 

• I 

First, ft appears that several of the items in the critical set were 
simply misclassif led by Holyoak and Glass, (All of the items- are Usted in' 
their Appendix.) For eKamplej the sentence All fruits are citrus is listed 
as one for which there was no high-frequency true-completion to Some f rui ts 
axe 7 that was disjoint with c !^t r'us . However, apple ^ listed as a high^ 
frequency true-complet lonj seems to fill the roljof such a disjoiat predicate 
.A similar problem applies to All birds are swimmers , which was also classified 
as having no high-frequency trua^completlon associated with itj here robins 
seems to be such a completion. Removing Just these two Items from the 
critical sentences reduces the overall differencp from 109 to 76 msec, THis 
reduced effect is not significant over either subjects (£(l,13) - 3^^!? 
£< .05) or items (£(l,20) ^ 2*51* £< .10). However, the effpct is still Jn 
the right direction, and It might prove significant In future experiments^ 
that Involve more subjects and more Items. So while th'Is problem is somewhat/ 
serious, it ma^ not be that severe. ■ 

The second methodological problem is more bothersome^ Holyoak and Glass 
did not control for the type of set relation within their critical sentences 
(those where true^complet Ion frequency and- relatedness were unconfounded) . 



Issues in Semantic Memory 

/ :^ - ^ ' ., 53 • ' 

That is, for the critical sentences, 8 of the 12 items with high true- 
completion frequencies were superset statements while the remainder were 
overlaps^; In contrast^ only 3 of 12 items with low true^completions were . 
superset statements while the rest were overlaps (see Holyoak £ Glass, Foot- 
note 4), Thus true-'Completron frequency was confounded with the prevalence of 
superset statements: If we assume that superset statements can be confirmed' 
faster than their overlap counterparts, we have comefup with an alternative 
eKplanatlon of the problematic resjjlt. EKperlment 3 provides support for 
this assumption. 

Experiment 3- Differences between superset and overlap statements . 
Thirteen subjects (Stanford undergraduates) were given 150 statements to 
verify, all of the form A^l 1 S are P . Half the statements were, true, and 
half false. The false Items contained 25 disjoint, 25 superset, and 25 
overlap statements, and these three statement-types were equated for average 
su^Ject-predlcate relatedness as determined by previously obtained ratings*'^ 
Also,/the average relatedness of subject-predicate pairs In the fals©state-* 
ments (6,5 on a scale of 1-10, where high numbers indicate similar meanings) 
was roughly equal to the average ^elatedness of subject-predicat^ pairs In 
true statements (6.9). Each statement was presented only once, and there 
were no repetitions of words across the 150 statements. * 

Each full stateme-nt was typed in uppercase Orator in a single line on 
a 6" X 9^' white Ind©K card. Subjects were simply instructed to decide 
whether the statement was True or False. The same random order i ng of the 
150 statements was used with all subjects* The statements were presented 
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In an Iconise three-field tachl stosco^ a t a viewl ng di stance of 68 cni^ and 
each item was preceded by a 1 sec ffxatlon point. The response panel con^ 
talned three telegraph keys arranged horizontal ly. The middle key was used by 
the subject to initiate each trials while the left and right keys were used 
to_ indicate True and False responses*) All subjects used the key corresponding 
to their dominant hand to indicate true decisions. 

The False RTs are the only ones of interest, and they were analyzed 
across both I terns and subjiects. For the subjects analysiSj d isjoi nt statements 
were df sconf i rmed fastest (1510 msec), superset statements next fastest (1575 
msec) and overlap statements were sloivest of all' (1721 msec). The overall 
effect of set relation was significant at £ < .01, with £(2,^8) « 9,67^ 
Furthermore, subsequent planned comparisons showed that overlap statements 
were si gnl f i cantfl y slower than superset statements, £(1,^8) =^1^*^9, g< .01, ' 
while the superset and disjoint statemeht-types were not significantly dif- . 
ferent from one another^ ^(1,^8) * 2*87, £ < ,1. For the items analysis, 
the mean RTs for disjoint, superset, and o\/erlap statements were 1506? 1580, 
and 1680, respectively; the effect of set relation was marginally significant, 
£(2,1^4) f 2,42, ,05 < .10* Whi le a planned comparison did not reveal 
a significant difference between overlap and superset sentences, £- 2,3^, 
.10 < £< .20, the difference between them is of course In the expected 
direction, and the magnitude of the differeTO^ (lOO msec) is relatively 
substantial for this kind of experfment. Lastly, the error rate on overlap 
statements (241) was far greater than that on superset statements (8|), 
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All things considered^ these resLjlts i ndi cate that overlap statements 
are harder to process than their superset counterparts, :and this proyides aft 
alternative eKpranation of the Holyoalc and Glass results. Thus there is no 
cUar-^cut evidence Jn the Holyoak-Glass study; for the effects of true- 
completion frequency^ or for what they have called Isconf i rmat ion by 
counterexample.^' As we see it, t hi s reduces the credibility of their 
theDretical clalris, , . / 

How do the present results line up with the Feature Comparison model? 
It seems that they remove one problem for the model -"^fehe need to explain the 
effect of t rue-conipl etion frequency on False RTs — and create a new one--the 
need to explain the effects of set relation on False RTs. That Is, there is 
nothing in the Feature Comparison model that would lead us to expect that 
False RT should increase from disjoint to superset to overlap statements, 
when all three statement- types are equated for relatedness. Before trying 
to add some new assumptions to our model to account for these 'hew resul ts , 
it is helpful to localize the effects of set relation v^i Win the processes 
of the ffiodel. Two aspects of EKperfment 3 suggest that set relat ion affected 
only the second stage of the model, Firsts all three statement-'types were 
equated for relatedness, and, fn terms of the model, this means that all 
false statements were equally Ifkely to require second^stage processing- 
Second, as previously no ted ^ true and false statements had roughly the same 
level of subject'-predtcate relatedness, and, accord ing to the model, this 
means that many of the True^^Fal se deci s ions must have been base^^on second- 
stage processing jSmith, Shoben & Rips, 1974; Smith, Rips fi Shpbenp 1974)/ 
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/Ve also have addftloral evi dence,, that argues for a second-stage locus of 
the affect of set re-latlon. To appreciate this evidence, consider the con- 

/ '' ...... ^' ' ■ 

sequences of changrng the quantiffer used !n Experiment 3 from A] 1 to Some., 
We have argued elsavsrhere that Some statements probably require a different 
second stage than that used fn \^erify!ng Al^ statements (Smith, Rips S . 
Shoben* 197^)^ Essentiany, this is du^ to the fret that the second stage 
used wM 1 AM statements establishes a subset relation, and Some statements - 
are true even when they manifest only a superset or overlap relation. Con- 
sequentlvi ff the set-relation effect Is due to the second stage, then this 
effect might not obtain if the quantifier Is swi tched f rom ^jj^ to Some. . 
AccordlnglVf we basically redid Experiment 3 usi ng Some as the quantifier. 
(To Insure that ^True^ and Fa Ise. responses were still equally probable, v^e used 
only'25 subset statements and increased the number of disjoint statements to 
750 The results ^ere simple. There was no^ longer any effect at all of set 
relation. If we restrict our attention to the 25 disjoint^ superset, and 
^^^^ vert ap Stat erne that wer^ previously used in EKperiment 3/ the new m^ans ' 
are as fon6v/s: for the subject analysfs, disjoint - 1^82 msec, superset - 
1^*94 msec, and overlap ^ 1499 msec, ^(2,ii8) < 1; for the I terns analysis, 
disjoint - 1502 msec, superset ^ 1522 msec, and overlap * Igl? msec* £(2, 48) 
< i. These results^ then, 1 ine up with the notion that the set- relat loin 
effect of EKperinient 3 was due to the second stage. 

To eKplain why second -stage processing is faster for di^s joint and 
. superset statements than for overlap ones', it seems we must ass'urne this stage 
is Self -termlnat ing . Disjoint statements would then be d isconf i rmed rapidly 
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if we further assume that genera 1 fea tures , like being anirnate or being alive, 
are compared first since most of our disjoint pairs differed on these' features 
(Note that this differs from the Holyoak and Glass assumption about general ^ 
features being accessed fi rst, since we hold that such features only bacome 
ivai lable after an extensive amount of process ing^- the first stage'--has bean 
completed-) There is some support for our assumptions in Shoben (1974) ^ 
where disjoint noun-pairs were d isconfirmed faster when they differed on 
general features rather than Just specific ones. Shoben^ though, did not 
establish that this effect was independent of Felatedness, so our assumptions 
shoijld be considered speculative unt M further research Is done. 

It Is sornewhat more dl ff Ic ul t to come up wi th an ej<pIanat ion of why 
second-stage processing should be faster for superset than overlap noun-'pa J rs , 
as both types of noun pairs con ta ined rtual ty no mismatches on general 
features. There ^s, hov/ever, one notable difference between the set:s of \ 
defining features for superset and overlap pairs^ In superset pairs the 
predicate term should contain more features than the subject term (as the 
predicate term is in fact a subset of the subject), while this imbalance 
need not hold in overlap pairs. Detection o'f this inibalance^^^^uld pravid% ^ 
sufficient grounds for d Isconf i rtn ing a statement^ for obv lousny all^'Vhe^ \ 
features of. the. predicate cannot be fbund among those of the subject' if there 
are more features I n the predfcate to begin .with. Thus! i t is possible that 
superset statements^ere processed faster than (Ov^erlap ones because the 
subjects of EKperlment 3 were leasitlve to this imbalance^ and terminated / ^ 

i. ■ J : ... i • ' ■ 
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their second-stage processing as soon as the imba lance v/as- det^'c'tad. . ^i s 1 5^ ■ 
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a very ad hoc assuniptton, and again further research v/ill be needed to 
determinLfi If it has any mrit. 

To SLimmari ze^ Experinient 3 Ippea rs to underniine the results of Glass and 
. HolyDak on true -completion f requencT?s (CbuntereKamples, in thejr termJno logy) 
it also leads t^^ofne new problems for the Feature Compart son modil^ problenis 
that call for further embel 1 1 shments of the proposed secondj stage, , 

' Summary e ^nd Future Directions ^ ' 

We- began with an attempt to classify semant ic-memot'y models, and after 
considering various unsat i sfactory classifications, v^/e proposed a distinction 
between Computation and Pre-'S torag'a;' inbdel s. Computation models, of wh ich the 
Feature Comparison model is a current exemplar , emphasi ze semantj c eKpansion 
of terms during sentence s/eri f i cat ion, and account for RT effects in verifi = 
cation exper Ifnents^by means, ^ variations in the time needed for dbniparison 
oparations betv^een these expanded concepts* Obtained effects of relatedness 
or typica 1 i ty are explai ned by si mil ar i ties among the elements of the eKRanded 
concepts. P^e^storage models^ such as the Marker Search model , explain RT 
effects in terms of variations in search procedures that operate on a datf 
base of stored (usoial ly Interconnected) propositions. Typical ity and kindred 
phenomena are explained away by means of co-occurrence frequency. 

What Is the current status of these mode Is , In light of the evidence 
reviewed here? Huch of this evidence re lated i ndi rectly to the question of 

t, - r ■ . « . . , ■ 

whether RT effects are best ascribed to search or compari son processes. But 
though we were able to .of fer a detailed contrast between a theory emphasfzing 
comparison processes (the Feature Cornparfson model) .and one emphasizing search 
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proQmsm^ Athe Marker Search model), we are not able to settle the comparison 
vs. search Issue in. any final way. There I s no decis Ive eniplrlcaV 
that Inf irms e/ther theory. This Is not so much because semah tlc-fnemory 
'research has uncovered no Interest fng facts, but rather because the models 
^have been retrenched in an effort to accoijnt for the new facts * As a result, 
one of the outstanding questions is v/hether the' revised rnodels are too general 
to be testable^ a problem that seefTis, to be particularly acute for P re-storage 
models (Glass £ Holyotk, and partlcuUrly Conins £ Loftus', 1975). For these 
models, there are no structural constraints at. &11 on search ofdsr. Even 
the empirical constraints proposed by Glass and,tior:yoak can be by^passed by ^ 
invoking extra mechanisms like those needed to account for d f sconf i rfnl ng 
anoma lous sentences . For Computation models, one of the Important remaining 
problems, is to specify the mechanics of the comparison process through 
further dl;Scrif]ii nat ing eKperiments; hopefully the present Experiments f"3 
begin, to do th is. ■ 

With respect to an eKplanation for typicality effects, we seeni to be 
on firmar ground. There Is no evidence whatsoever for the role of co-- \ 
occurrence frequency^ at, least when frequency is measured In an pbjective 
way (as in our reanalysls of Anderson & Rederj 187^, or In Rosch et al., 1976)* 
Although dependence on co-occurrence, frequency Is a relatively, periphera] 
feature of Pre-^storage models, the lack of evidence for co-occurrence 
frequenpy leaves these models without a pr incipled. explanat Ion for their own 
Structural organization. For eKarnples the Marker Search model is left without 
any theoretical underpinning for its short-cut pathways or search order, 

GO 
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•beyond the sheer need to account for the data. By contrast, those Compu- 

- ... ^ ■■ ■ J. 

tation models that take featural simMarfty as thefr starting point^^have 
little difficulty in coping wi thty pi ca li ty effects and other related 
phenomena. Instead, this problems faced by the latter models have to do with 
specifying the status of the features themselves, and the boundary conditions 
on feature combinations and feature comparisons, ■ 

Of course the Issues Gontended by Coniputaitldri and Pre^stor.age model s dp 
not exhaust the range of questions concernt ng psychologi ca I semantics. Nor 
do we need to resolve the former before pursuing the latter. For example, 
little experimentation has been done on rul eg for comb i n ing . propos 1 1 ions 
semantical ly in complex sentences, and to our knowledge, no semant i c^memory 
model has even explicitly addressed this problem. While we ha^e done some 
preliminary work In this area (Rips, Shoben & Smith, 1975), there is no way 
at present to evaluate semant ic^memory models on this issue. Similarly, most 
current models of semantic memory have been content to divide sentences into 
property statements (e.g., Ora nges are round ) and class incl us ion statements 
(e,g., Oranges are fr^it)- But among the so-called property statements are 
a wealth of d i s't inc t seman 1 1 c ■ types , including modals ( Oranges can roll ), 
sentences wfth relative adjectives ( Q^ranjes a re sma 1 1 ) > and sentences with 
complex verbs (Oranges grow). >We know frpfn 1 inguistic and philosophical 



analyses that such sentences contain importan t^'senrant Ic characteristics, y^t 
v/e have^ no evidence at all concerning psychological distinctions among them. 
It seems to us that semant ic memory has nothing to lose by dealing with a 
broader;:range of phenofnena . C 
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3 ' 
The probjems that.we h^y^just dlf^5sed alj. stem from the procedure of 

assigning mutua 1 ly excl us ! ye |ubsets,the same ma^rker* One could argue that, 

. = --^ . ■- ..■-^„ ■ --vpxl-"' : v.:; ' ^ ^ : vr V ^ / ■ 

' rather than relyjng ori, thi&Ski^rid of procedure, we need Instead to use our 

v - . ^- V. ' r . : ■" ■ ^ : , ■ . 

intuitions to' decide when two paths are contradictory. The difficulties with- 
- this sblutfon are obvious^ It forgoes^ny a prior! determination of contra- 
^dictory pairs, and It may not lead to many pred Ictions I f intuitions about 

cofi''rf^fbtIons are not clear-cut* Both of these problems could eventuate In 

' ■ : " ' - . ^ ' ■ . ' ' ■ 

a theoretical fprmulation that lacks 'tes tab j Mty. 

■ _ It is possible to .niaintai n that other measures of production frequency 

^ . ■ ■ ' " ^ : \ :-:;);^^ ■ v-s . , . 

yWDuld have been more appropr late/ Our choice^ was dictated by the avg41ability 

, .of the Batt fg-Montague entries for the items used by Anderson and Reder (197^) 

and by the role that these norms have played in previous studies of semantic 

;. memory (a. g .VwM kins , 1971). V 

^There are some additional results from our correlational analys 1 s that 

V ' ■ - ■ ■ ■■ 

i ■ ■ * '. ■ 

desferve comment. Firsts both production frequency and typicality ratings 
correiated with True RTs, r(70l^ -.23^ .05 < b < .lOi and r(70) = "-25* , ■ 
£<, 05, respect ively* Neither of these findings Is the least bit novel (see . 
^ Smith, Shoben &.Rips, ^97^), though both cor relations are surpri singly lay fn ' \, 
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liaht of previtous results. Second, there was also a ma Kg ! na I po.s.it i ve . ''^ 
correlation between typi ca I i ty ratings and the kF count, rilO) = .21v:.05 < . 
,10, This result conflicts with the negatvive correlation of Rosch et h^ 



(1976) that was Just _i5,entioned in the text. But the conf 1 ict may be mor^ 
apparent than real, since the i ns^tance-category^ pairs of Rosch et al^ covered ^ 
a wider typicality range than did those of Anderson and Reder. , So the Rosch 
et al. resCju] ts may be^lie more se^isitive ones, Finally we should mention 
that we ^rfornied a step=wise multiple regressron of RT on the entire set'of 

independent variables discussed above, plus measures,, of simple- wdrd .frefluenc^ 

y . . ■ r . ^ . . ' ^ . ^; - ; / 

(determined by the standard Kacera and Francis norms). Typica-lity ratings 
entered the regyeislon equation flrst,^ and of the remai rtf hgJ variabl:|s only the. 
v0rd frequency'^ of the i nstance tprm showed .even a marginally significant 
correlation with RT^ r(69) ^ ",21 , ,05 < p < .10/ Thus, typicality ratings 
taken together wi;th/ I ns tance Word frequency seem to provide the best account, 

' * ^ = ^ ^ / . V ^ ^ ■ ' ^ ^ - . ■ ■ 

of th^ RT/datav 3^96, £< ^05. 
■ ^ " . ■ ■ ' i ' 

< QAais and Holyoak argue this In terms of Sternberg's <1969) Additive 

: ^ ^; " ■ / ■ -" ■ ■ ■ • ■ ■ ■ 

Factors method. We feel that Invoking the Additive Factors method here may 

__.= ,.' ^ . . . , , - . 

be somethlng^Bf a red herring.^^ In the Feature Comparison model, /the output 
of the first stage (the semantic relatedness va lue)^ dl recti y^'affects the 
duration of the second stage; this means that if -relatedness Is manrpui|ated 
experimentally, it%-sffeGt will interact with any 'factor (e,g., categorvi s i ze) 
that influences the second stage. The Feature Comparison model, therefore, 
cannot be faulted for lack of additive effects between relatedness and cate- 
gory size sTnce none are predicted. Q| coursej it may be possible to find 



i 



Issues in Semantic Memory 

, 67 



third variable&''that' influences the duration ef the first stage withdut 
changing^tKe relatetineSs value, and if so, this factor should produce ■ 

addi tive Effects: witH ifcond sta^e variables • w ' : • ' 

7 ■ ' ' ^ , . .' ^ ' . ■ ■ ■ . 

, ,, We coLi\ld equal ly wel 1, assume that reratpdness depends »on' tlie propor- " 

tion olvthe second item.' s features tHat are shared in no way affetfts 

. the present arguitient.- 

. , . More spBcif ical ly, :th|,*eft+n^te of the oategbry size effect derived 
from the jna lysis of coyarlance. Is bbtaJned by .f i tting an pquation of the" ' 
following form to the reaction time ^data (hgnor I ng^ 



JT.j is. the reaction time to verify sentence ^^Wi th predjcate categ^ 
. and X'. is the relatedness rating for the same^^sentehce^ Here ■ 

idness ratTng, fand t , l:s the ' 



the overal l rne an Is the mean ^rel atedness 



Smith:.' -SH 



effect df'category size. By^ontrast, the;-!Trodei; pr^osed by Smith,' '-Shoben, 
and Rips (1^7^, Equations 3 and 5) is more comprex, and predi cts True '. react Ion 

t imes as : ' . ' ^ . . .\ 



RT. . ^ t + t . 
—I J -TTiean^ — s i ze , 



, (b) 



where *> represents the normal distribution fun&ion, and a, , b, , c , and c 

— ' . ' —k — k -o — 1 . 



are parameters of the model. As imi lar equation obtains for Falsei^reaction 
times. The relationship between reaction time., relatedness ratings,/ ind the 
estimate of the category size effect is clearly different Jn the two models. 
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and consequently^ there is no reason to suppose that the estimates of ^ .^^ 

wl 1 ] be equ I Val en t . 

9 - / ' 

At one point, Glass and Holyoak argue that the results fpr anomalous 

statements are not crltfcal to their rFiode) because they wish to rastrlct 

their theory to explanations of high- an*d lovv^f requency statements. We are 

not convinced that this restriction is a principled one, and so we will 

consider the results for anofnalous s tatementSp 

I nterest 1 ngl >j 5 though these results fall to replicate the Holyoak and 

Glass i suits for anomalous s tatement^^- they do replicate an earlier study 

of Glass et al . (197^)^ These authors, using noun-property statements r^ther^ 

than noun^pairs, found that anomalous statements were disconf i rmed fasteTf 

than high-frequency statefnents, whrch^fin turn were faster than their low^ 

frequency counterparts, 

^ Wo keep matters comparable to Holyoak and Glass, relatedness was 

determined by ratings of '-closeness In mean I ng^^'-the standard procedure. As* 

an af te rthough 1 7 we also ineasured re I a ted rib ss by the ratings used in 

Experiment 2; these ratings also showed that the superset and overlap state- 

iTtien t|^^ere equal In relatedness* ■ - ' 
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Table 1 




Results from Art^Iyses 


of Variance of True and False 


Responses 


Treating Either Items 


(l teins-ana lysis) or Subjects 


(Subjects- 


anal vs is) as a Random \ 


/ar iable while Averaging Across the Other 




Trues 






Hed-'PF Lo-PF F 


df ■. £ 


Sub Jects^ania lys i s 986 


10^5 ^ 1089 %AW 


2,38 <.0O5 


Items^anaJ ysJs 979 


1 050 1112 IM 


2,36 n.s. 


( mi n F ' 


(2,59) - U86, £> JO 




Fai.sas ' , / 


High 


Lav/ " Anomrtaus F 


if ,■ £ 



Subjects-ana.lysi s 1103' 1248 998 38,58 2,38 <,0Ol 

I tenfiS'-ina lysis 11.36 ^4266 1001 10.24 2i36 . <.001 

min F ' (g^ 59) = 8.09, £, < -OOl \.[ 
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* , Figu re Capt ions 
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Figure 1, Two simple models of semant ic ,rTiemory--'the P.ttrlbute and > 
HferarchUai models, \ ^ ^ ^ ' ^ ■ ... 

;f, Figure 2; An 1] Justrat lork of. the Marker Search rnode]. Lower-case 
letter^ de.si'gnate i-hs^^ri;abels on relations. 

Ft^.^^^^^^ case^s^^^f label nig contradictions, 

. . ;^ f%L^re A. Illustration of labeling snd short-^cut paths. 
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